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Decomposed Meta Batch Normalization for Fast
Domain Adaptation in Face Recognition
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Abstract—Face recognition systems are sometimes deployed to
a target domain with limited unlabeled samples available. For
instance, a model trained on the large-scale webfaces maybe re-
quired to adapt to a NIR-VIS scenario via very limited unlabeled
faces. This situation poses a great challenge to Unsupervised
Domain Adaptation with Limited samples for Face Recognition
(UDAL-FR), which is less studied in previous works. In this paper,
with deep learning methods, we propose a novel training remedy
by decomposing the model into the weight parameters and the
BN statistics in the training phase. Based on decomposing, we
design a novel framework via meta-learning, called Decomposed
Meta Batch Normalization (DMBN) for fast domain adaptation
in face recognition. DMBN trains the network such that domain-
invariant information is prone to store in the weight parameters
and domain-specific knowledge tends to be represented by the BN
statistics. Specifically, DMBN constructs distribution-shifted tasks
via domain-aware sampling, on which several meta-gradients
are obtained by optimizing discriminative representations across
different BNs. Finally, the weight parameters are updated with
these meta-gradients for better consistency across different BNs.
With the learned weight parameters, the adaptation is very fast
since only the BN updating on limited data is needed. We propose
two UDAL-FR benchmarks to evaluate the domain-adaptive
ability of a model with limited unlabeled samples. Extensive
experiments validate the efficacy of our proposed DMBN.

Index Terms—Face Recognition, Unsupervised Domain Adap-
tation, Meta-learning, Batch Normalization

I. INTRODUCTION

FACE recognition has been widely applied in real-world
scenarios. Recent works [1], [2], [3], [4], [5], [6] have

achieved remarkable performances on common benchmarks,
e.g., LFW [7], YTF [8], IJB-C [9] and MegaFace [10],
thanks to the deep learning advances based on large-scale
training datasets like CASIA-Webface [11], VGGFace2 [12]
and MS-Celeb-1M [13]. These methods rely on the underlying
assumption that the training and testing sets share similar data
distributions. However, in the deployment of face recognition,
the trained model sometimes faces a new scenario and is re-
quired to adapt to it with limited unlabeled samples available.
Such a situation poses a great challenge to the problem of
Unsupervised Domain Adaptation with Limited samples for
Face Recognition (UDAL-FR), illustrated in Fig. 1.

In comparison with Unsupervised Domain Adaptation for
Face Recognition (UDA-FR), UDAL-FR additionally con-
strains the number of samples from the target domain and is
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Fig. 1. An illustration of our DMBN for UDAL-FR. The model trained on
source domains DS is required to fast adapt to a new target domain DT
with limited unlabeled samples. DT1 , DT2 and DT3 in the figure indicate three
new target domains, respectively. By meta-learning the weight parameters θ
on source domains DS with DMBN, our model only needs updating BN
statistics BNTi with limited unlabeled samples from the target domain DTi
to perform the adaptation, which is very fast.

thus more challenging. Among recent works on UDA-FR, one
line of works [14], [15] aims at minimizing the discrepancy
between the source and target domains, where the domain
discrepancy is measured by Maximum Mean Discrepancy
(MMD) [16]. Another line of works [17], [18] tries to assign
pseudo-labels to samples from the target domain for fine-
tuning. Despite the effectiveness on UDA-FR, these methods
rely on a large number of samples from the target domain,
thus being inappropriate for the UDAL-FR problem.

In this paper, we propose to address the UDAL-FR prob-
lem. Once the model is trained, it can fast adapt to a new
target domain with limited unlabeled samples. Inspired by
AdaBN [19] and MAML [20], we propose a meta-learning
based framework by decomposing the model into the weight
parameters θ and the BN statistics BN , called Decomposed
Meta Batch Normalization (DMBN). Based on decomposing,
the network is trained such that domain-invariant information
is prone to store in θ and domain-specific knowledge tends
to be represented by BN . DMBN first constructs a batch
of distribution-shifted tasks via domain-aware sampling. Each
task consists of two meta batches with distribution shift:
meta-train and meta-test batches. Then, DMBN decomposes
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the weight parameters θ and the BN statistics BN for each
distribution-shifted task. Finally, we conduct the optimization
on these tasks to learn discriminative representations across
BNs. The back-propagated meta-gradients from both meta-
train and meta-test batches are aggregated to update θ to
improve its domain-adaptive ability. In the deployment phase,
we only need to update BN with limited unlabeled samples,
which can be very fast.

Compared to traditional meta-learning methods, DMBN
is BN agnostic and performs adaptation without gradient
updating of the weight parameters. DMBN also outperforms
AdaBN [19], which optimizes all the parameters in a regular
way during training, leading to the coupling of parameters and
BN. The main contributions include: (i) We propose a training
strategy by decomposing the network into weight parameters
and BN statistics to address the UDAL-FR problem. (ii) A
novel meta-learning based optimization framework accompa-
nied with the decomposition strategy, called decomposed meta
batch normalization (DMBN) is proposed, so that the learned
model is able to adapt to a new target domain efficiently.
(iii) To evaluate the performance of different methods on the
UDAL-FR problem, two benchmarks are designed and con-
structed. Extensive experiments on these benchmarks validate
the effectiveness of DMBN.

The remainder of this paper is organized as follows. Sec-
tion II reviews related works. Section III gives a detailed
description of our proposed method. Section IV evaluates the
efficacy of DMBN by conducting extensive experiments on
two proposed benchmarks. We draw a conclusion in Section V.

II. RELATED WORK

This section reviews previous works in four aspects: deep
face recognition, unsupervised domain adaptation, unsuper-
vised domain adaptation for face recognition and meta-
learning.

A. Deep Face Recognition

Since pioneering works DeepFace [1] and DeepID [2],
which adopt deep convolutional neural network (CNN) for face
recognition, and achieve the performance close to humans on
LFW [7] for the first time, then, CNN-based models dominate
face recognition. Many powerful loss functions are proposed
to learn discriminative representations, so as to improve the
performance of deep models. DeepID series [2], [21] use
both the identification of softmax loss and the verification of
contrastive loss to train the model. FaceNet [3] uses triplet
loss to push negative pairs far way from positive pairs by
a specific margin and achieves good performance on LFW
using 2.6M images. Wen et al. [22] develop a center loss
to reduce the intra-class variations. Recently, several margin-
based softmax loss functions [23], [4], [24], [5], [25] are
proposed to increase the feature margin between different
classes. Liu et al. [23] encourage larger inter-class variance
by introducing an angular margin between the ground-truth
class and other classes (A-Softmax). Liang et al. [26] and
Want et al. [25] propose the additive margin (AM-Softmax)
to further stabilize the training of A-Softmax. Deng et al. [5]

design an additive angular margin (Arc-Softmax) loss with a
clear geometric interpretation. Although achieving remarkable
performances on standard benchmarks like LFW [7], YTF [8],
IJB-C [9] and MegaFace [10], these CNN-based methods rely
on a large-scale labeled face set and the distribution between
the training and testing sets is similar. If the model is deployed
on a target domain with distribution bias, its performance may
be degraded dramatically.

B. Unsupervised Domain Adaptation

Unsupervised Domain Adaptation (UDA) aims at transfer-
ring knowledge learned from source domains to new domains
with unlabeled data only. The main challenge is the domain
discrepancy between the source and target domains. In closed-
set domain adaptation (DA), many UDA methods are pro-
posed to learn domain-invariant representations with statistic
loss [27], [16], [28], [29], [30] or adversarial loss [27], [31],
[32], [33], [34], [35]. A commonly used statistic loss for
UDA is maximum mean discrepancy (MMD). Deep domain
confusion (DDC) [27] simultaneously optimizes the classifi-
cation loss in the source domain and the MMD metric with
an adaptation layer. Deep adaptation network (DAN) [16]
utilizes multiple adaptation layers and explores various kernel
functions to reduce the shifts in marginal distributions across
domains. Adversarial loss is also commonly used to align the
distributions of feature space spanned by source and target
domains. Domain-adversarial neural network (DANN) [31],
[36] introduces a gradient reversal layer to maximize the
domain classifier loss and minimize the classification loss
adversarially. Li et al. [19] propose a simple strategy named
adaptive batch normalization (AdaBN) to perform domain
adaptation by only modulating the statistics of BN layers
from source domain to the target domain. Closed-set DA
assumes that the source and target domains share the same
label space. Recently, open-set DA [37], [38], [39], [40] is
proposed to extend closed-set DA and has a relax constraint
that different domains share partial classes. The key challenge
of open-set DA is to separate samples correctly into shared and
specific classes. Cao et al. [37] propose a selective adversarial
network (SAN) to split the domain discriminator into many
class-wise domain discriminators. Zhang et al. [38] propose to
identify the importance score of source samples with a two-
domain classifier strategy. However, in unsupervised domain
adaptation of face recognition, source and target domains do
not share the label space, which is a more challenging setting
compared to closed-set and open-set DA.

C. Unsupervised Domain Adaptation for Face Recognition

Although deep-learning based methods dominate the recent
researches of face recognition, there is only a few studies
concentrating on unsupervised domain adaptation. Luo et
al. [14] use the Maximum Mean Discrepancy (MMD) loss to
decrease domain bias. Sohn et al. [15] synthesize video frames
using a series of transformations and utilize still images,
synthesized video frames, and unlabeled videos for domain-
adversarial training. While achieving promising results, these
methods cannot be fast deployed since the computation budget
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is massive. Moreover, these methods rely on a large number
of samples from the target domain, thus being infeasible for
the problem of unsupervised domain adaptation with limited
samples for face recognition.

D. Meta-learning

The goal of meta-learning is to learn a new task from
few samples quickly. Recent studies mainly include three
categories: (i) model based [41], [42], (ii) metric-learning
based [43], [44], [45], [46] and (iii) optimization based [20],
[47], [48], [49] methods. In model based ones, MANN [41]
trains a memory-augmented neural network to learn how
to store and retrieve memories for each classification task.
Munkhdalai et al. [42] propose a meta-learning architecture
that learns meta-level knowledge across tasks and changes
its inductive bias via fast parametrization. Metric learning
based methods focus on learning embeddings that can be
recognized with a fixed nearest-neighbor, linear, or CNN
classifier. As the foundational work of optimization based
methods, MAML [20] learns a good weight initialization
for fast adaptation on a new task. The following works
Reptile [47], meta-transfer learning [48] and iMAML [49]
inherit MAML. Our approach is mostly related to MAML
that tries to learn a transferable weight initialization. However,
MAML relies on the assumption that new tasks share similar
distributions with the training tasks and the tasks are limited
to closed-set classification, thus being inappropriate to address
the unsupervised domain adaptation problem of open-set face
recognition.

III. METHOLOGY

This section details the DMBN framework, which aims to
address the UDAL-FR problem.

A. Problem Description

For the UDAL-FR problem, we have two datasets: XS is the
source dataset with several mixed domains DS and XT is the
unlabeled dataset from the target domain DT . The label sets
of DS and DT are disjoint, and the data distributions between
DS and DT are different. For the target domain DT , we can
only access a limited number of unlabeled samples. The goal
is to enable the model trained on DS to fast adapt to DT with
limited unlabeled samples.

B. Preliminary of Batch Normalization

We first briefly review Batch Normalization (BN) [50],
which is originally proposed to reduce the internal covariate
shift by normalizing layer inputs. BN first normalizes each
feature independently within a mini-batch and then learns a
scale and shift for linear transformation. Formally, given an
input X ∈ RN×C , where N is the batch size, the BN serves
as a function φBN to transform the input X into:

x̂k =
xk − E [X·k]√
Var [X·k] + ε

,

yk = γkx̂k + βk,

(1)
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<latexit sha1_base64="QrW5LD0SszWoXDFpPwY3gtiBo8k=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuCG91VsA9oh5JJ0zY0kxmTO4Uy9DvcuFDErR/jzr8x085CWw8EDufcyz05QSyFQdf9dgpr6xubW8Xt0s7u3v5B+fCoaaJEM95gkYx0O6CGS6F4AwVK3o41p2EgeSsY32Z+a8K1EZF6xGnM/ZAOlRgIRtFKfjekOGJUpu1ZT/TKFbfqzkFWiZeTCuSo98pf3X7EkpArZJIa0/HcGP2UahRM8lmpmxgeUzamQ96xVNGQGz+dh56RM6v0ySDS9ikkc/X3RkpDY6ZhYCezkGbZy8T/vE6Cgxs/FSpOkCu2ODRIJMGIZA2QvtCcoZxaQpkWNithI6opQ9tTyZbgLX95lTQvqt5V1X24rNTu8zqKcAKncA4eXEMN7qAODWDwBM/wCm/OxHlx3p2PxWjByXeO4Q+czx8ZSZJV</latexit>Xi

<latexit sha1_base64="QGPGkUVYDQ9iNw7iOQpF0uISSXk=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG91IBfuAdiyZNNOGJpkhyShl6H+4caGIW//FnX9jpp2Fth4IHM65l3tygpgzbVz32yksLa+srhXXSxubW9s75d29po4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6CrzW49UaRbJezOOqS/wQLKQEWys9NAV2AwJ5unl7aTHeuWKW3WnQIvEy0kFctR75a9uPyKJoNIQjrXueG5s/BQrwwink1I30TTGZIQHtGOpxIJqP52mnqAjq/RRGCn7pEFT9fdGioXWYxHYySylnvcy8T+vk5jwwk+ZjBNDJZkdChOOTISyClCfKUoMH1uCiWI2KyJDrDAxtqiSLcGb//IiaZ5UvbOqe3daqd3kdRThAA7hGDw4hxpcQx0aQEDBM7zCm/PkvDjvzsdstODkO/vwB87nD5fAkpc=</latexit>

BN i

<latexit sha1_base64="QGPGkUVYDQ9iNw7iOQpF0uISSXk=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG91IBfuAdiyZNNOGJpkhyShl6H+4caGIW//FnX9jpp2Fth4IHM65l3tygpgzbVz32yksLa+srhXXSxubW9s75d29po4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6CrzW49UaRbJezOOqS/wQLKQEWys9NAV2AwJ5unl7aTHeuWKW3WnQIvEy0kFctR75a9uPyKJoNIQjrXueG5s/BQrwwink1I30TTGZIQHtGOpxIJqP52mnqAjq/RRGCn7pEFT9fdGioXWYxHYySylnvcy8T+vk5jwwk+ZjBNDJZkdChOOTISyClCfKUoMH1uCiWI2KyJDrDAxtqiSLcGb//IiaZ5UvbOqe3daqd3kdRThAA7hGDw4hxpcQx0aQEDBM7zCm/PkvDjvzsdstODkO/vwB87nD5fAkpc=</latexit>

BN i

❌

<latexit sha1_base64="ylRATNRUUbdgQjVMsSOad5u5GL8=">AAACBXicbVA7T8MwGHTKq5RXgBEGiwqJqUoQCMYKFlhQkehDaqLIcZzW1HEi20Gqoiws/BUWBhBi5T+w8W9w0g7QcpKl09332efzE0alsqxvo7KwuLS8Ul2tra1vbG6Z2zsdGacCkzaOWSx6PpKEUU7aiipGeokgKPIZ6fqjy8LvPhAhaczv1DghboQGnIYUI6Ulz9x3yjsyQYIcZk6E1BAjll3c5N597pl1q2GVgPPEnpI6mKLlmV9OEOM0IlxhhqTs21ai3AwJRTEjec1JJUkQHqEB6WvKUUSkm5UJcniolQCGsdCHK1iqvzcyFEk5jnw9WcSUs14h/uf1UxWeuxnlSaoIx5OHwpRBFcOiEhhQQbBiY00QFlRnhXiIBMJKF1fTJdizX54nneOGfdqwbk/qzetpHVWwBw7AEbDBGWiCK9ACbYDBI3gGr+DNeDJejHfjYzJaMaY7u+APjM8fTv+ZGw==</latexit>

BN j

<latexit sha1_base64="ylRATNRUUbdgQjVMsSOad5u5GL8=">AAACBXicbVA7T8MwGHTKq5RXgBEGiwqJqUoQCMYKFlhQkehDaqLIcZzW1HEi20Gqoiws/BUWBhBi5T+w8W9w0g7QcpKl09332efzE0alsqxvo7KwuLS8Ul2tra1vbG6Z2zsdGacCkzaOWSx6PpKEUU7aiipGeokgKPIZ6fqjy8LvPhAhaczv1DghboQGnIYUI6Ulz9x3yjsyQYIcZk6E1BAjll3c5N597pl1q2GVgPPEnpI6mKLlmV9OEOM0IlxhhqTs21ai3AwJRTEjec1JJUkQHqEB6WvKUUSkm5UJcniolQCGsdCHK1iqvzcyFEk5jnw9WcSUs14h/uf1UxWeuxnlSaoIx5OHwpRBFcOiEhhQQbBiY00QFlRnhXiIBMJKF1fTJdizX54nneOGfdqwbk/qzetpHVWwBw7AEbDBGWiCK9ACbYDBI3gGr+DNeDJejHfjYzJaMaY7u+APjM8fTv+ZGw==</latexit>

BN j

<latexit sha1_base64="oSOsGD0taZkFMKTNjX9hgqXIPLA=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclRlRdFlwo7sK9gHtUDJp2sZmMmNyp1CGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniKUw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN5nfHHNtRKQecBJzP6QDJfqCUbSS3wkpDhmVaWvafeyWym7FnYEsEy8nZchR65a+Or2IJSFXyCQ1pu25Mfop1SiY5NNiJzE8pmxEB7xtqaIhN346Cz0lp1bpkX6k7VNIZurvjZSGxkzCwE5mIc2il4n/ee0E+9d+KlScIFdsfqifSIIRyRogPaE5QzmxhDItbFbChlRThranoi3BW/zyMmmcV7zLint/Ua7e5XUU4BhO4Aw8uIIq3EIN6sDgCZ7hFd6csfPivDsf89EVJ985gj9wPn8AGs2SVg==</latexit>Xj
<latexit sha1_base64="oSOsGD0taZkFMKTNjX9hgqXIPLA=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclRlRdFlwo7sK9gHtUDJp2sZmMmNyp1CGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniKUw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN5nfHHNtRKQecBJzP6QDJfqCUbSS3wkpDhmVaWvafeyWym7FnYEsEy8nZchR65a+Or2IJSFXyCQ1pu25Mfop1SiY5NNiJzE8pmxEB7xtqaIhN346Cz0lp1bpkX6k7VNIZurvjZSGxkzCwE5mIc2il4n/ee0E+9d+KlScIFdsfqifSIIRyRogPaE5QzmxhDItbFbChlRThranoi3BW/zyMmmcV7zLint/Ua7e5XUU4BhO4Aw8uIIq3EIN6sDgCZ7hFd6csfPivDsf89EVJ985gj9wPn8AGs2SVg==</latexit>Xj

<latexit sha1_base64="FiJOmd9Zx1sRq0pfbo6rJxeKfeA=">AAAB/XicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJKLosuhEEqWAf0IQwmU7aoZMHMzdCDcVfceNCEbf+hzv/xmmbhbYeuHA4517uvcdPBFdgWd9GYWFxaXmluFpaW9/Y3DK3d5oqTiVlDRqLWLZ9opjgEWsAB8HaiWQk9AVr+YOrsd96YFLxOLqHYcLckPQiHnBKQEueuRdUHOgzIMfYSfrcyy5vR0eeWbaq1gR4ntg5KaMcdc/8croxTUMWARVEqY5tJeBmRAKngo1KTqpYQuiA9FhH04iETLnZ5PoRPtRKFwex1BUBnqi/JzISKjUMfd0ZEuirWW8s/ud1Uggu3IxHSQosotNFQSowxHgcBe5yySiIoSaESq5vxbRPJKGgAyvpEOzZl+dJ86Rqn1Wtu9Ny7SaPo4j20QGqIBudoxq6RnXUQBQ9omf0it6MJ+PFeDc+pq0FI5/ZRX9gfP4AP8iUeQ==</latexit>

f(✓, �BN )

<latexit sha1_base64="FiJOmd9Zx1sRq0pfbo6rJxeKfeA=">AAAB/XicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJKLosuhEEqWAf0IQwmU7aoZMHMzdCDcVfceNCEbf+hzv/xmmbhbYeuHA4517uvcdPBFdgWd9GYWFxaXmluFpaW9/Y3DK3d5oqTiVlDRqLWLZ9opjgEWsAB8HaiWQk9AVr+YOrsd96YFLxOLqHYcLckPQiHnBKQEueuRdUHOgzIMfYSfrcyy5vR0eeWbaq1gR4ntg5KaMcdc/8croxTUMWARVEqY5tJeBmRAKngo1KTqpYQuiA9FhH04iETLnZ5PoRPtRKFwex1BUBnqi/JzISKjUMfd0ZEuirWW8s/ud1Uggu3IxHSQosotNFQSowxHgcBe5yySiIoSaESq5vxbRPJKGgAyvpEOzZl+dJ86Rqn1Wtu9Ny7SaPo4j20QGqIBudoxq6RnXUQBQ9omf0it6MJ+PFeDc+pq0FI5/ZRX9gfP4AP8iUeQ==</latexit>

f(✓, �BN )

<latexit sha1_base64="FiJOmd9Zx1sRq0pfbo6rJxeKfeA=">AAAB/XicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJKLosuhEEqWAf0IQwmU7aoZMHMzdCDcVfceNCEbf+hzv/xmmbhbYeuHA4517uvcdPBFdgWd9GYWFxaXmluFpaW9/Y3DK3d5oqTiVlDRqLWLZ9opjgEWsAB8HaiWQk9AVr+YOrsd96YFLxOLqHYcLckPQiHnBKQEueuRdUHOgzIMfYSfrcyy5vR0eeWbaq1gR4ntg5KaMcdc/8croxTUMWARVEqY5tJeBmRAKngo1KTqpYQuiA9FhH04iETLnZ5PoRPtRKFwex1BUBnqi/JzISKjUMfd0ZEuirWW8s/ud1Uggu3IxHSQosotNFQSowxHgcBe5yySiIoSaESq5vxbRPJKGgAyvpEOzZl+dJ86Rqn1Wtu9Ny7SaPo4j20QGqIBudoxq6RnXUQBQ9omf0it6MJ+PFeDc+pq0FI5/ZRX9gfP4AP8iUeQ==</latexit>

f(✓, �BN )

<latexit sha1_base64="4waAMEZ0dTYQNsdnvIh3bYucAKI=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoseAF48RzAOSJcxOJsmY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrSqSw6PvfXmFtfWNzq7hd2tnd2z8oHx41rU4N4w2mpTbtiFouheINFCh5OzGcxpHkrWh8O/NbT9xYodUDThIexnSoxEAwik5qdnHEkfbKFb/qz0FWSZCTCuSo98pf3b5macwVMkmt7QR+gmFGDQom+bTUTS1PKBvTIe84qmjMbZjNr52SM6f0yUAbVwrJXP09kdHY2kkcuc6Y4sguezPxP6+T4uAmzIRKUuSKLRYNUklQk9nrpC8MZygnjlBmhLuVsBE1lKELqORCCJZfXiXNi2pwVfXvLyu1eh5HEU7gFM4hgGuowR3UoQEMHuEZXuHN096L9+59LFoLXj5zDH/gff4AqX+POg==</latexit>

✓

<latexit sha1_base64="4OoIlM1OoqqBoiZ5fZ19GWYbVs0=">AAAB9XicbVDLSgMxFL2pr1pfVZdugkVwVWZ8oMuiG1dSwT6gHUsmzbShmcyQZJQy9D/cuFDErf/izr8x085CWw8EDufcyz05fiy4No7zjQpLyyura8X10sbm1vZOeXevqaNEUdagkYhU2yeaCS5Zw3AjWDtWjIS+YC1/dJ35rUemNI/kvRnHzAvJQPKAU2Ks9NANiRlSItKr20nvtFeuOFVnCrxI3JxUIEe9V/7q9iOahEwaKojWHdeJjZcSZTgVbFLqJprFhI7IgHUslSRk2kunqSf4yCp9HETKPmnwVP29kZJQ63Ho28kspZ73MvE/r5OY4NJLuYwTwySdHQoSgU2EswpwnytGjRhbQqjiNiumQ6IINbaoki3Bnf/yImmeVN3zqnN3VqnV8zqKcACHcAwuXEANbqAODaCg4Ble4Q09oRf0jj5mowWU7+zDH6DPH0gDkmg=</latexit>

BN 3

<latexit sha1_base64="4OoIlM1OoqqBoiZ5fZ19GWYbVs0=">AAAB9XicbVDLSgMxFL2pr1pfVZdugkVwVWZ8oMuiG1dSwT6gHUsmzbShmcyQZJQy9D/cuFDErf/izr8x085CWw8EDufcyz05fiy4No7zjQpLyyura8X10sbm1vZOeXevqaNEUdagkYhU2yeaCS5Zw3AjWDtWjIS+YC1/dJ35rUemNI/kvRnHzAvJQPKAU2Ks9NANiRlSItKr20nvtFeuOFVnCrxI3JxUIEe9V/7q9iOahEwaKojWHdeJjZcSZTgVbFLqJprFhI7IgHUslSRk2kunqSf4yCp9HETKPmnwVP29kZJQ63Ho28kspZ73MvE/r5OY4NJLuYwTwySdHQoSgU2EswpwnytGjRhbQqjiNiumQ6IINbaoki3Bnf/yImmeVN3zqnN3VqnV8zqKcACHcAwuXEANbqAODaCg4Ble4Q09oRf0jj5mowWU7+zDH6DPH0gDkmg=</latexit>

BN 3

<latexit sha1_base64="ANsL44lSiXRz6AX3/WyJBb0NKGA=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRlRdFl040oq2Ae0Y7mTpm1oJjMkGaUM/Q83LhRx67+482/MtLPQ1gOBwzn3ck9OEAuujet+O0vLK6tr64WN4ubW9s5uaW+/oaNEUVankYhUK0DNBJesbrgRrBUrhmEgWDMYXWd+85EpzSN5b8Yx80McSN7nFI2VHjohmiFFkV7dTrpet1R2K+4UZJF4OSlDjlq39NXpRTQJmTRUoNZtz42Nn6IynAo2KXYSzWKkIxywtqUSQ6b9dJp6Qo6t0iP9SNknDZmqvzdSDLUeh4GdzFLqeS8T//Paielf+imXcWKYpLND/UQQE5GsAtLjilEjxpYgVdxmJXSICqmxRRVtCd78lxdJ47TinVfcu7NytZbXUYBDOIIT8OACqnADNagDBQXP8ApvzpPz4rw7H7PRJSffOYA/cD5/AET7kmY=</latexit>

BN 1

<latexit sha1_base64="ANsL44lSiXRz6AX3/WyJBb0NKGA=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRlRdFl040oq2Ae0Y7mTpm1oJjMkGaUM/Q83LhRx67+482/MtLPQ1gOBwzn3ck9OEAuujet+O0vLK6tr64WN4ubW9s5uaW+/oaNEUVankYhUK0DNBJesbrgRrBUrhmEgWDMYXWd+85EpzSN5b8Yx80McSN7nFI2VHjohmiFFkV7dTrpet1R2K+4UZJF4OSlDjlq39NXpRTQJmTRUoNZtz42Nn6IynAo2KXYSzWKkIxywtqUSQ6b9dJp6Qo6t0iP9SNknDZmqvzdSDLUeh4GdzFLqeS8T//Paielf+imXcWKYpLND/UQQE5GsAtLjilEjxpYgVdxmJXSICqmxRRVtCd78lxdJ47TinVfcu7NytZbXUYBDOIIT8OACqnADNagDBQXP8ApvzpPz4rw7H7PRJSffOYA/cD5/AET7kmY=</latexit>

BN 1

<latexit sha1_base64="PuCjC31PFIJ9YZeYRwv26uo0IMI=">AAAB9XicbVDLSgMxFL2pr1pfVZdugkVwVWaKosuiG1dSwT6gHUsmzbShmcyQZJQy9D/cuFDErf/izr8x085CWw8EDufcyz05fiy4No7zjQorq2vrG8XN0tb2zu5eef+gpaNEUdakkYhUxyeaCS5Z03AjWCdWjIS+YG1/fJ357UemNI/kvZnEzAvJUPKAU2Ks9NALiRlRItKr22m/1i9XnKozA14mbk4qkKPRL3/1BhFNQiYNFUTrruvExkuJMpwKNi31Es1iQsdkyLqWShIy7aWz1FN8YpUBDiJlnzR4pv7eSEmo9ST07WSWUi96mfif101McOmlXMaJYZLODwWJwCbCWQV4wBWjRkwsIVRxmxXTEVGEGltUyZbgLn55mbRqVfe86tydVeqNvI4iHMExnIILF1CHG2hAEygoeIZXeENP6AW9o4/5aAHlO4fwB+jzB0Z/kmc=</latexit>

BN 2

<latexit sha1_base64="PuCjC31PFIJ9YZeYRwv26uo0IMI=">AAAB9XicbVDLSgMxFL2pr1pfVZdugkVwVWaKosuiG1dSwT6gHUsmzbShmcyQZJQy9D/cuFDErf/izr8x085CWw8EDufcyz05fiy4No7zjQorq2vrG8XN0tb2zu5eef+gpaNEUdakkYhUxyeaCS5Z03AjWCdWjIS+YG1/fJ357UemNI/kvZnEzAvJUPKAU2Ks9NALiRlRItKr22m/1i9XnKozA14mbk4qkKPRL3/1BhFNQiYNFUTrruvExkuJMpwKNi31Es1iQsdkyLqWShIy7aWz1FN8YpUBDiJlnzR4pv7eSEmo9ST07WSWUi96mfif101McOmlXMaJYZLODwWJwCbCWQV4wBWjRkwsIVRxmxXTEVGEGltUyZbgLn55mbRqVfe86tydVeqNvI4iHMExnIILF1CHG2hAEygoeIZXeENP6AW9o4/5aAHlO4fwB+jzB0Z/kmc=</latexit>

BN 2

<latexit sha1_base64="F0mMsjjl/va4d2pY7VwmIiooaJ4=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqswURZcFNy4r2Ae0Q8mkaRuayYzJnUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIJbCoOt+O4WNza3tneJuaW//4PCofHzSMlGiGW+ySEa6E1DDpVC8iQIl78Sa0zCQvB1M7jK/PeXaiEg94izmfkhHSgwFo2glvxdSHDMq0868X+uXK27VXYCsEy8nFcjR6Je/eoOIJSFXyCQ1puu5Mfop1SiY5PNSLzE8pmxCR7xrqaIhN366CD0nF1YZkGGk7VNIFurvjZSGxszCwE5mIc2ql4n/ed0Eh7d+KlScIFdseWiYSIIRyRogA6E5QzmzhDItbFbCxlRThranki3BW/3yOmnVqt511X24qtQbeR1FOINzuAQPbqAO99CAJjB4gmd4hTdn6rw4787HcrTg5Dun8AfO5w/H+ZIl</latexit>X2
<latexit sha1_base64="F0mMsjjl/va4d2pY7VwmIiooaJ4=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqswURZcFNy4r2Ae0Q8mkaRuayYzJnUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIJbCoOt+O4WNza3tneJuaW//4PCofHzSMlGiGW+ySEa6E1DDpVC8iQIl78Sa0zCQvB1M7jK/PeXaiEg94izmfkhHSgwFo2glvxdSHDMq0868X+uXK27VXYCsEy8nFcjR6Je/eoOIJSFXyCQ1puu5Mfop1SiY5PNSLzE8pmxCR7xrqaIhN366CD0nF1YZkGGk7VNIFurvjZSGxszCwE5mIc2ql4n/ed0Eh7d+KlScIFdseWiYSIIRyRogA6E5QzmzhDItbFbCxlRThranki3BW/3yOmnVqt511X24qtQbeR1FOINzuAQPbqAO99CAJjB4gmd4hTdn6rw4787HcrTg5Dun8AfO5w/H+ZIl</latexit>X2

<latexit sha1_base64="A9OLF3ORSc91HCAvbG3++tqTyvw=">AAAB9HicbVDLSsNAFL3xWeur6tLNYBFclUQUXRbcuKxgH9CGcjOdtEMnkzgzKZTQ73DjQhG3fow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dJwqypo0FrHqBKiZ4JI1DTeCdRLFMAoEawfju9xvT5jSPJaPZpowP8Kh5CGnaKzk9yI0I4oi68z6Xr9SdWvuHGSVeAWpQoFGv/LVG8Q0jZg0VKDWXc9NjJ+hMpwKNiv3Us0SpGMcsq6lEiOm/WweekbOrTIgYazsk4bM1d8bGUZaT6PATuYh9bKXi/953dSEt37GZZIaJuniUJgKYmKSN0AGXDFqxNQSpIrbrISOUCE1tqeyLcFb/vIqaV3WvOua+3BVrTeKOkpwCmdwAR7cQB3uoQFNoPAEz/AKb87EeXHenY/F6JpT7JzAHzifP8Z1kiQ=</latexit>X1
<latexit sha1_base64="A9OLF3ORSc91HCAvbG3++tqTyvw=">AAAB9HicbVDLSsNAFL3xWeur6tLNYBFclUQUXRbcuKxgH9CGcjOdtEMnkzgzKZTQ73DjQhG3fow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dJwqypo0FrHqBKiZ4JI1DTeCdRLFMAoEawfju9xvT5jSPJaPZpowP8Kh5CGnaKzk9yI0I4oi68z6Xr9SdWvuHGSVeAWpQoFGv/LVG8Q0jZg0VKDWXc9NjJ+hMpwKNiv3Us0SpGMcsq6lEiOm/WweekbOrTIgYazsk4bM1d8bGUZaT6PATuYh9bKXi/953dSEt37GZZIaJuniUJgKYmKSN0AGXDFqxNQSpIrbrISOUCE1tqeyLcFb/vIqaV3WvOua+3BVrTeKOkpwCmdwAR7cQB3uoQFNoPAEz/AKb87EeXHenY/F6JpT7JzAHzifP8Z1kiQ=</latexit>X1
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Fig. 2. In vanilla training, the BN statistic Bi is determined by the input mini-
batch Xi, weight parameters θ and the BN function φBN . In our setting, after
calculating each Bi, we decompose Xi and Bi, and then compose the mini-
batch Xi with another Bj . In other words, the decomposing operation cuts

off the deterministic relation between Xi
θ−→ Bi, and compose Bj derived

from another input with Xi: (Xi; θ,BN j).

where k ∈ {1, . . . , n}, xk and yk are the input and output of
the BN layer respectively, X·k is the k-th column of the input
X , and γk, βk are the learnable affine parameters of scale
and bias. Note that we use the notation BN to represent only
the mean and variance statistics. The affine parameters are
not considered. BN guarantees that the distributions of layers’
input are fixed across different mini-batches. In optimization
like SGD, fixing the input distribution can greatly accelerate
the model convergence [50]. In the conventional testing phase,
the BN statistics obtained in training are fixed and used to
whiten inputs. Nevertheless, sharing BN statistics for both
source and target domains are inappropriate if domain shift
exists.

C. Decomposing

We decompose the dependency between the weight param-
eters θ and the BN statistics BN in the training phase. A
model Θ can be defined as a parametrized function with θ and
BN : f(θ,BN ). Our goal is learning θ and BN independently
such that domain-invariant information is prone to store in θ
and domain-specific information tends to be represented by
BN . Given an input mini-batch Xi, the BN statistics BN i is
determined by θ and Xi: BN i = (φBN ◦f)(Xi; θ), where φBN
is the normalization function of BN. In vanilla training, θ and
BN i are tightly coupled since BN i relies on θ. This coupled
relation does not meet our requirement. We design to make
the weight parameters θ (i) robust across different BN , and
(ii) ready for fast adaptation to a target domain via generating
BN with limited samples from the target domain. To achieve
this, we propose to decompose θ and BN in the training phase.
Specifically, when fed with a mini-batch Xi, the corresponding
BN is not directly derived from θ and Xi. The decomposing
is formally represented by f(Xi; θ,BN i) → f(Xi; θ,BN j),
where BN j is from another input Xj . The detailed illustration
is shown in Fig. 2.

D. Distribution-shifted Task Sampling

Decomposing exactly cuts off the deterministic relation
between the input, weight parameters and the BN statistics:
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(X , θ) → BN . To make the weight parameters θ domain-
invariant, we construct distribution-shifted tasks by domain-
aware sampling to synthesize the distribution shift for training.
The overview is shown in Fig. 3. Specifically, in each training
iteration, we first sample a batch of tasks {Ti|i = 1, 2, 3 · · · }
from source mixed domains DS . Each task Ti consists of
a meta-train batch X imtr a meta-test batch X imte, sampled
from the same domain Di ∈ DS . For each meta-train or
meta-test batch, we randomly sample B individuals. For each
individual, we randomly sample two face images, in which
one as the gallery image and another one as the probe. Note
that X imtr and X imte are without overlapped individuals. Since
the meta-train and meta-test batches are sampled from the
same domain, the distribution shift between them is limited.
To enlarge the gap, we randomly shuffle the meta-train batches
across different tasks. By doing so, the meta-train batch X imtr
of the domain Di corresponds to a random meta-test batch
X jmte of Dj , shown in Fig. 3 (c). Once a batch of distribution-
shifted tasks are built, we decompose the deterministic relation
between the meta-train batch and its BN statistics: X imtr →
Bimtr, and then compose the weight parameters, BN statistics
and the input: {X imte; θ,Bjmtr}.

E. Learning Representation Across BNs by Hard-pair Loss
To learn discriminative representations/features for each

task, we adapt the hard-pair attention loss in MFR [51] to fit
our setting. The hard-pair attention loss focuses on optimizing
hard positive and negative pairs to enforce the feature (the
activations of the last global average pooling layer) more
discriminative. Since we decompose the weight parameters θ
and the BN statistics BN , the face features of the meta-test
batch Xmte cannot be extracted directly. We first calculate
BNmtr = (φBN ◦ f)(Xmtr; θ) using the meta-train batch
Xmtr, then extract the gallery and probe feature of the meta-
test batch: Fmteg = f(Xmteg ; θ,BNmtr) ∈ RB×C , Fmtep =
f(Xmtep ; θ,BNmtr) ∈ RB×C , where C is the dimension of
the extracted feature. l2 normalization is performed on each
row of the features. The similarity matrix of the meta-test
batch is next constructed by Mmte = Fmteg Fmtep

T . For the
meta-train batch, the similarity matrix Mmtr is constructed
regularly. Different from [51], we use two proportion factors
δp and δn to filter hard positive and negative pairs. δp and
δn can directly reflect the degree of difficulty of positive and
negative pairs, and also guarantee the number of hard pairs is
balanced. Then, we sort the positive and negative pairs by the
similarity score and optimize the hardest pairs. The loss on
the meta-train or meta-test batch is thus formulated as:

Lhp =
1

2|P|
∑
i∈P
‖Fgi − Fpi‖22−

1

2|N |
∑

(i,j)∈N
‖Fgi−Fpj‖22,

(2)

where P is the indices of top hardest δp ·B positive pairs and
N is the indices of top hardest δn · (B2 −B) negative pairs.

F. Domain Labels by Balanced k-means
Distribution-shifted task sampling in Section III-D relies on

domain labels of training datasets. However, in many real-
world applications, the domain label is not always available

Algorithm 1: The algorithm overview of balanced k-
means.

1 Function BalancedKMeans (F , k) :
2 Let {ci|i = 1, · · · , k} be initialized cluster centers by

k-means++ [52];
// Initialization

3 Let N be the total number of features in F and M be the
desired size of each cluster: M = N/k;

4 Sort {Fi|i = 1, · · · , N} by the absolute value of the
distance to the farthest center minus the distance to the
closest candidate center in descending order:∣∣‖Fi − cj‖2 − ‖Fi − cl‖2∣∣, where
j = argmaxj ‖Fi − cj‖2, l = argminl ‖Fi − cl‖2;

5 for each Fi ∈ F do
6 If cluster cl is not full, assigning Fi to cluster cl;
7 Otherwise, assigning Fi to the first not-full cluster sorted

by the absolute difference;
8 end
// Adjustment

9 Update centers by the current assignment;
10 while ite ≤ max iterations do
11 Re-calculate the assignment by current centers;
12 Sort {Fi|i = 1, · · · , N} by the absolute difference

between the distance to the current and best assigned
center in descending order;

13 Initialize an empty list: candidate;
14 for each Fi ∈ F do
15 Let moved flag be false;
16 for Fj ∈ candidate do
17 if exchange the center assignment between Fi

and Fj gives smaller inertia then
18 Exchange and set moved flag true, break;
19 end
20 end
21 Append Fj to candidate if moved flag is false;
22 end
23 Update centers by the current assignment;
24 end
25 Output: k balanced domains

or is difficult to label. As we know, the domain is affected by
many factors like age, race, expression, external environmental
variations [53] etc. To address this problem, we propose to
divide domains based on the similarity of visual features
automatically. A straightforward method is k-means. However,
in vanilla k-means, the size of each cluster is random, which
is harmful to the hard pair mining. In training, the hard-
pair loss (see Section III-E) relies on the size B and two
difficulty factors δp and δn to filter and balance the hard
pairs. For each cluster with size B, δn · (B2 − B) negative
pairs and δp · B positive pairs are selected out for training.
The randomness of size B brought by vanilla k-means will
make the number of hard pairs inconsistent across different
clusters, thus making the optimization unstable. To alleviate
it, we improve the vanilla k-means by ensuring cluster size
to be similar in the whole clustering procedure. We name it
balanced k-means. The core of the balanced k-means includes:
(i) Initialization. Initialize centers by k-means++ [52], sort
the features by the absolute value of the distance to their
farthest center minus the distance to their closest candidate
center in descending order, and then assign each feature to
its closest candidate center/cluster until the cluster is full. (ii)
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<latexit sha1_base64="Q2odQ7xVXCY/CC1X395/ojZspAc=">AAAB9HicbVDLSgMxFL2pr1pfVZdugkVwVWZ8oMuCLrqsYB/QDiWTZtrQTGZMMoUy9DvcuFDErR/jzr8x085CWw8EDufcyz05fiy4No7zjQpr6xubW8Xt0s7u3v5B+fCopaNEUdakkYhUxyeaCS5Z03AjWCdWjIS+YG1/fJf57QlTmkfy0Uxj5oVkKHnAKTFW8nohMSNKRHo/61/2yxWn6syBV4mbkwrkaPTLX71BRJOQSUMF0brrOrHxUqIMp4LNSr1Es5jQMRmyrqWShEx76Tz0DJ9ZZYCDSNknDZ6rvzdSEmo9DX07mYXUy14m/ud1ExPceimXcWKYpItDQSKwiXDWAB5wxagRU0sIVdxmxXREFKHG9lSyJbjLX14lrYuqe111Hq4qtXpeRxFO4BTOwYUbqEEdGtAECk/wDK/whiboBb2jj8VoAeU7x/AH6PMHqImSCg==</latexit>D3

<latexit sha1_base64="HlKTzFqI5FzL63lqngGGZmNoeA4=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvgqsyIosuCmy4r2Ae045BJM21okhmSjFDCgL/ixoUibv0Od/6NmXYW2nogcDjnXu7JiVJGlfa8b2dldW19Y7OyVd3e2d3bdw8OOyrJJCZtnLBE9iKkCKOCtDXVjPRSSRCPGOlGk9vC7z4SqWgi7vU0JQFHI0FjipG2UugeDzjSY4yY6eWh4ZrkD8bPQ7fm1b0Z4DLxS1IDJVqh+zUYJjjjRGjMkFJ930t1YJDUFDOSVweZIinCEzQifUsF4kQFZhY/h2dWGcI4kfYJDWfq7w2DuFJTHtnJIqxa9ArxP6+f6fgmMFSkmSYCzw/FGYM6gUUXcEglwZpNLUFYUpsV4jGSCGvbWNWW4C9+eZl0Lur+Vd27u6w1mmUdFXACTsE58ME1aIAmaIE2wMCAZ/AK3pwn58V5dz7moytOuXME/sD5/AEIPZYx</latexit>

X 1
mte

<latexit sha1_base64="HlKTzFqI5FzL63lqngGGZmNoeA4=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvgqsyIosuCmy4r2Ae045BJM21okhmSjFDCgL/ixoUibv0Od/6NmXYW2nogcDjnXu7JiVJGlfa8b2dldW19Y7OyVd3e2d3bdw8OOyrJJCZtnLBE9iKkCKOCtDXVjPRSSRCPGOlGk9vC7z4SqWgi7vU0JQFHI0FjipG2UugeDzjSY4yY6eWh4ZrkD8bPQ7fm1b0Z4DLxS1IDJVqh+zUYJjjjRGjMkFJ930t1YJDUFDOSVweZIinCEzQifUsF4kQFZhY/h2dWGcI4kfYJDWfq7w2DuFJTHtnJIqxa9ArxP6+f6fgmMFSkmSYCzw/FGYM6gUUXcEglwZpNLUFYUpsV4jGSCGvbWNWW4C9+eZl0Lur+Vd27u6w1mmUdFXACTsE58ME1aIAmaIE2wMCAZ/AK3pwn58V5dz7moytOuXME/sD5/AEIPZYx</latexit>

X 1
mte

<latexit sha1_base64="JPThZUXqVYT/ZZrSbxdJOPSdias=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2WmKLosuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTultfWNza3ydmVnd2//wD086qg4lZi0ccxi2YuQIowK0tZUM9JLJEE8YqQbTW9zv/tIpKKxuNezhAQcjQUdUYy0lUL3ZMCRnmDETC8LDdckezD1LHSrXs2bA64SvyBVUKAVul+DYYxTToTGDCnV971EBwZJTTEjWWWQKpIgPEVj0rdUIE5UYObxM3hulSEcxdI+oeFc/b1hEFdqxiM7mYdVy14u/uf1Uz26CQwVSaqJwItDo5RBHcO8CzikkmDNZpYgLKnNCvEESYS1baxiS/CXv7xKOvWaf1Xz7i6rjWZRRxmcgjNwAXxwDRqgCVqgDTAw4Bm8gjfnyXlx3p2PxWjJKXaOwR84nz8JwpYy</latexit>

X 2
mte

<latexit sha1_base64="JPThZUXqVYT/ZZrSbxdJOPSdias=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2WmKLosuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTultfWNza3ydmVnd2//wD086qg4lZi0ccxi2YuQIowK0tZUM9JLJEE8YqQbTW9zv/tIpKKxuNezhAQcjQUdUYy0lUL3ZMCRnmDETC8LDdckezD1LHSrXs2bA64SvyBVUKAVul+DYYxTToTGDCnV971EBwZJTTEjWWWQKpIgPEVj0rdUIE5UYObxM3hulSEcxdI+oeFc/b1hEFdqxiM7mYdVy14u/uf1Uz26CQwVSaqJwItDo5RBHcO8CzikkmDNZpYgLKnNCvEESYS1baxiS/CXv7xKOvWaf1Xz7i6rjWZRRxmcgjNwAXxwDRqgCVqgDTAw4Bm8gjfnyXlx3p2PxWjJKXaOwR84nz8JwpYy</latexit>

X 2
mte

<latexit sha1_base64="FuoOhYl9+xi4DSMCv+NPyxIhW1w=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2XGB7osuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTulldW19Y3yZmVre2d3z90/aKs4lZi0cMxi2Y2QIowK0tJUM9JNJEE8YqQTTW5zv/NIpKKxuNfThAQcjQQdUoy0lUL3qM+RHmPETDcLDdckezAXWehWvZo3A1wmfkGqoEAzdL/6gxinnAiNGVKq53uJDgySmmJGsko/VSRBeIJGpGepQJyowMziZ/DUKgM4jKV9QsOZ+nvDIK7UlEd2Mg+rFr1c/M/rpXp4ExgqklQTgeeHhimDOoZ5F3BAJcGaTS1BWFKbFeIxkghr21jFluAvfnmZtM9r/lXNu7us1htFHWVwDE7AGfDBNaiDBmiCFsDAgGfwCt6cJ+fFeXc+5qMlp9g5BH/gfP4AC0eWMw==</latexit>

X 3
mte

<latexit sha1_base64="FuoOhYl9+xi4DSMCv+NPyxIhW1w=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2XGB7osuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTulldW19Y3yZmVre2d3z90/aKs4lZi0cMxi2Y2QIowK0tJUM9JNJEE8YqQTTW5zv/NIpKKxuNfThAQcjQQdUoy0lUL3qM+RHmPETDcLDdckezAXWehWvZo3A1wmfkGqoEAzdL/6gxinnAiNGVKq53uJDgySmmJGsko/VSRBeIJGpGepQJyowMziZ/DUKgM4jKV9QsOZ+nvDIK7UlEd2Mg+rFr1c/M/rpXp4ExgqklQTgeeHhimDOoZ5F3BAJcGaTS1BWFKbFeIxkghr21jFluAvfnmZtM9r/lXNu7us1htFHWVwDE7AGfDBNaiDBmiCFsDAgGfwCt6cJ+fFeXc+5qMlp9g5BH/gfP4AC0eWMw==</latexit>

X 3
mte

(b) A batch of tasks

Shuffling
<latexit sha1_base64="Kq32typ91f2kbvVx432KnayMACU=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2WmKLosuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTultfWNza3ydmVnd2//wD086qg4lZi0ccxi2YuQIowK0tZUM9JLJEE8YqQbTW9zv/tIpKKxuNezhAQcjQUdUYy0lUL3ZMCRnmDETC8LDdcyezD1LHSrXs2bA64SvyBVUKAVul+DYYxTToTGDCnV971EBwZJTTEjWWWQKpIgPEVj0rdUIE5UYObxM3hulSEcxdI+oeFc/b1hEFdqxiM7mYdVy14u/uf1Uz26CQwVSaqJwItDo5RBHcO8CzikkmDNZpYgLKnNCvEESYS1baxiS/CXv7xKOvWaf1Xz7i6rjWZRRxmcgjNwAXxwDRqgCVqgDTAw4Bm8gjfnyXlx3p2PxWjJKXaOwR84nz8dt5Y/</latexit>

X 2
mtr

<latexit sha1_base64="Kq32typ91f2kbvVx432KnayMACU=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2WmKLosuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTultfWNza3ydmVnd2//wD086qg4lZi0ccxi2YuQIowK0tZUM9JLJEE8YqQbTW9zv/tIpKKxuNezhAQcjQUdUYy0lUL3ZMCRnmDETC8LDdcyezD1LHSrXs2bA64SvyBVUKAVul+DYYxTToTGDCnV971EBwZJTTEjWWWQKpIgPEVj0rdUIE5UYObxM3hulSEcxdI+oeFc/b1hEFdqxiM7mYdVy14u/uf1Uz26CQwVSaqJwItDo5RBHcO8CzikkmDNZpYgLKnNCvEESYS1baxiS/CXv7xKOvWaf1Xz7i6rjWZRRxmcgjNwAXxwDRqgCVqgDTAw4Bm8gjfnyXlx3p2PxWjJKXaOwR84nz8dt5Y/</latexit>

X 2
mtr

<latexit sha1_base64="/ENaNjm5q+aGkjJGVs+/clicBBc=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvgqsyIosuCmy4r2Ae045BJM21okhmSjFDCgL/ixoUibv0Od/6NmXYW2nogcDjnXu7JiVJGlfa8b2dldW19Y7OyVd3e2d3bdw8OOyrJJCZtnLBE9iKkCKOCtDXVjPRSSRCPGOlGk9vC7z4SqWgi7vU0JQFHI0FjipG2UugeDzjSY4yY6eWh4VrmD8bPQ7fm1b0Z4DLxS1IDJVqh+zUYJjjjRGjMkFJ930t1YJDUFDOSVweZIinCEzQifUsF4kQFZhY/h2dWGcI4kfYJDWfq7w2DuFJTHtnJIqxa9ArxP6+f6fgmMFSkmSYCzw/FGYM6gUUXcEglwZpNLUFYUpsV4jGSCGvbWNWW4C9+eZl0Lur+Vd27u6w1mmUdFXACTsE58ME1aIAmaIE2wMCAZ/AK3pwn58V5dz7moytOuXME/sD5/AEcMpY+</latexit>

X 1
mtr

<latexit sha1_base64="/ENaNjm5q+aGkjJGVs+/clicBBc=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvgqsyIosuCmy4r2Ae045BJM21okhmSjFDCgL/ixoUibv0Od/6NmXYW2nogcDjnXu7JiVJGlfa8b2dldW19Y7OyVd3e2d3bdw8OOyrJJCZtnLBE9iKkCKOCtDXVjPRSSRCPGOlGk9vC7z4SqWgi7vU0JQFHI0FjipG2UugeDzjSY4yY6eWh4VrmD8bPQ7fm1b0Z4DLxS1IDJVqh+zUYJjjjRGjMkFJ930t1YJDUFDOSVweZIinCEzQifUsF4kQFZhY/h2dWGcI4kfYJDWfq7w2DuFJTHtnJIqxa9ArxP6+f6fgmMFSkmSYCzw/FGYM6gUUXcEglwZpNLUFYUpsV4jGSCGvbWNWW4C9+eZl0Lur+Vd27u6w1mmUdFXACTsE58ME1aIAmaIE2wMCAZ/AK3pwn58V5dz7moytOuXME/sD5/AEcMpY+</latexit>

X 1
mtr

<latexit sha1_base64="5zkJnWsid9WXjTH2QCQwdOkwe/4=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2XGB7osuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTulldW19Y3yZmVre2d3z90/aKs4lZi0cMxi2Y2QIowK0tJUM9JNJEE8YqQTTW5zv/NIpKKxuNfThAQcjQQdUoy0lUL3qM+RHmPETDcLDdcyezAXWehWvZo3A1wmfkGqoEAzdL/6gxinnAiNGVKq53uJDgySmmJGsko/VSRBeIJGpGepQJyowMziZ/DUKgM4jKV9QsOZ+nvDIK7UlEd2Mg+rFr1c/M/rpXp4ExgqklQTgeeHhimDOoZ5F3BAJcGaTS1BWFKbFeIxkghr21jFluAvfnmZtM9r/lXNu7us1htFHWVwDE7AGfDBNaiDBmiCFsDAgGfwCt6cJ+fFeXc+5qMlp9g5BH/gfP4AHzyWQA==</latexit>

X 3
mtr

<latexit sha1_base64="5zkJnWsid9WXjTH2QCQwdOkwe/4=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2XGB7osuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTulldW19Y3yZmVre2d3z90/aKs4lZi0cMxi2Y2QIowK0tJUM9JNJEE8YqQTTW5zv/NIpKKxuNfThAQcjQQdUoy0lUL3qM+RHmPETDcLDdcyezAXWehWvZo3A1wmfkGqoEAzdL/6gxinnAiNGVKq53uJDgySmmJGsko/VSRBeIJGpGepQJyowMziZ/DUKgM4jKV9QsOZ+nvDIK7UlEd2Mg+rFr1c/M/rpXp4ExgqklQTgeeHhimDOoZ5F3BAJcGaTS1BWFKbFeIxkghr21jFluAvfnmZtM9r/lXNu7us1htFHWVwDE7AGfDBNaiDBmiCFsDAgGfwCt6cJ+fFeXc+5qMlp9g5BH/gfP4AHzyWQA==</latexit>

X 3
mtr

<latexit sha1_base64="HlKTzFqI5FzL63lqngGGZmNoeA4=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvgqsyIosuCmy4r2Ae045BJM21okhmSjFDCgL/ixoUibv0Od/6NmXYW2nogcDjnXu7JiVJGlfa8b2dldW19Y7OyVd3e2d3bdw8OOyrJJCZtnLBE9iKkCKOCtDXVjPRSSRCPGOlGk9vC7z4SqWgi7vU0JQFHI0FjipG2UugeDzjSY4yY6eWh4ZrkD8bPQ7fm1b0Z4DLxS1IDJVqh+zUYJjjjRGjMkFJ930t1YJDUFDOSVweZIinCEzQifUsF4kQFZhY/h2dWGcI4kfYJDWfq7w2DuFJTHtnJIqxa9ArxP6+f6fgmMFSkmSYCzw/FGYM6gUUXcEglwZpNLUFYUpsV4jGSCGvbWNWW4C9+eZl0Lur+Vd27u6w1mmUdFXACTsE58ME1aIAmaIE2wMCAZ/AK3pwn58V5dz7moytOuXME/sD5/AEIPZYx</latexit>

X 1
mte

<latexit sha1_base64="HlKTzFqI5FzL63lqngGGZmNoeA4=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvgqsyIosuCmy4r2Ae045BJM21okhmSjFDCgL/ixoUibv0Od/6NmXYW2nogcDjnXu7JiVJGlfa8b2dldW19Y7OyVd3e2d3bdw8OOyrJJCZtnLBE9iKkCKOCtDXVjPRSSRCPGOlGk9vC7z4SqWgi7vU0JQFHI0FjipG2UugeDzjSY4yY6eWh4ZrkD8bPQ7fm1b0Z4DLxS1IDJVqh+zUYJjjjRGjMkFJ930t1YJDUFDOSVweZIinCEzQifUsF4kQFZhY/h2dWGcI4kfYJDWfq7w2DuFJTHtnJIqxa9ArxP6+f6fgmMFSkmSYCzw/FGYM6gUUXcEglwZpNLUFYUpsV4jGSCGvbWNWW4C9+eZl0Lur+Vd27u6w1mmUdFXACTsE58ME1aIAmaIE2wMCAZ/AK3pwn58V5dz7moytOuXME/sD5/AEIPZYx</latexit>

X 1
mte

<latexit sha1_base64="JPThZUXqVYT/ZZrSbxdJOPSdias=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2WmKLosuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTultfWNza3ydmVnd2//wD086qg4lZi0ccxi2YuQIowK0tZUM9JLJEE8YqQbTW9zv/tIpKKxuNezhAQcjQUdUYy0lUL3ZMCRnmDETC8LDdckezD1LHSrXs2bA64SvyBVUKAVul+DYYxTToTGDCnV971EBwZJTTEjWWWQKpIgPEVj0rdUIE5UYObxM3hulSEcxdI+oeFc/b1hEFdqxiM7mYdVy14u/uf1Uz26CQwVSaqJwItDo5RBHcO8CzikkmDNZpYgLKnNCvEESYS1baxiS/CXv7xKOvWaf1Xz7i6rjWZRRxmcgjNwAXxwDRqgCVqgDTAw4Bm8gjfnyXlx3p2PxWjJKXaOwR84nz8JwpYy</latexit>

X 2
mte

<latexit sha1_base64="JPThZUXqVYT/ZZrSbxdJOPSdias=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2WmKLosuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTultfWNza3ydmVnd2//wD086qg4lZi0ccxi2YuQIowK0tZUM9JLJEE8YqQbTW9zv/tIpKKxuNezhAQcjQUdUYy0lUL3ZMCRnmDETC8LDdckezD1LHSrXs2bA64SvyBVUKAVul+DYYxTToTGDCnV971EBwZJTTEjWWWQKpIgPEVj0rdUIE5UYObxM3hulSEcxdI+oeFc/b1hEFdqxiM7mYdVy14u/uf1Uz26CQwVSaqJwItDo5RBHcO8CzikkmDNZpYgLKnNCvEESYS1baxiS/CXv7xKOvWaf1Xz7i6rjWZRRxmcgjNwAXxwDRqgCVqgDTAw4Bm8gjfnyXlx3p2PxWjJKXaOwR84nz8JwpYy</latexit>

X 2
mte

<latexit sha1_base64="FuoOhYl9+xi4DSMCv+NPyxIhW1w=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2XGB7osuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTulldW19Y3yZmVre2d3z90/aKs4lZi0cMxi2Y2QIowK0tJUM9JNJEE8YqQTTW5zv/NIpKKxuNfThAQcjQQdUoy0lUL3qM+RHmPETDcLDdckezAXWehWvZo3A1wmfkGqoEAzdL/6gxinnAiNGVKq53uJDgySmmJGsko/VSRBeIJGpGepQJyowMziZ/DUKgM4jKV9QsOZ+nvDIK7UlEd2Mg+rFr1c/M/rpXp4ExgqklQTgeeHhimDOoZ5F3BAJcGaTS1BWFKbFeIxkghr21jFluAvfnmZtM9r/lXNu7us1htFHWVwDE7AGfDBNaiDBmiCFsDAgGfwCt6cJ+fFeXc+5qMlp9g5BH/gfP4AC0eWMw==</latexit>

X 3
mte

<latexit sha1_base64="FuoOhYl9+xi4DSMCv+NPyxIhW1w=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2XGB7osuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTulldW19Y3yZmVre2d3z90/aKs4lZi0cMxi2Y2QIowK0tJUM9JNJEE8YqQTTW5zv/NIpKKxuNfThAQcjQQdUoy0lUL3qM+RHmPETDcLDdckezAXWehWvZo3A1wmfkGqoEAzdL/6gxinnAiNGVKq53uJDgySmmJGsko/VSRBeIJGpGepQJyowMziZ/DUKgM4jKV9QsOZ+nvDIK7UlEd2Mg+rFr1c/M/rpXp4ExgqklQTgeeHhimDOoZ5F3BAJcGaTS1BWFKbFeIxkghr21jFluAvfnmZtM9r/lXNu7us1htFHWVwDE7AGfDBNaiDBmiCFsDAgGfwCt6cJ+fFeXc+5qMlp9g5BH/gfP4AC0eWMw==</latexit>

X 3
mte

Sampling

(c) Distribution-shifted tasks

<latexit sha1_base64="/ENaNjm5q+aGkjJGVs+/clicBBc=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvgqsyIosuCmy4r2Ae045BJM21okhmSjFDCgL/ixoUibv0Od/6NmXYW2nogcDjnXu7JiVJGlfa8b2dldW19Y7OyVd3e2d3bdw8OOyrJJCZtnLBE9iKkCKOCtDXVjPRSSRCPGOlGk9vC7z4SqWgi7vU0JQFHI0FjipG2UugeDzjSY4yY6eWh4VrmD8bPQ7fm1b0Z4DLxS1IDJVqh+zUYJjjjRGjMkFJ930t1YJDUFDOSVweZIinCEzQifUsF4kQFZhY/h2dWGcI4kfYJDWfq7w2DuFJTHtnJIqxa9ArxP6+f6fgmMFSkmSYCzw/FGYM6gUUXcEglwZpNLUFYUpsV4jGSCGvbWNWW4C9+eZl0Lur+Vd27u6w1mmUdFXACTsE58ME1aIAmaIE2wMCAZ/AK3pwn58V5dz7moytOuXME/sD5/AEcMpY+</latexit>

X 1
mtr

<latexit sha1_base64="/ENaNjm5q+aGkjJGVs+/clicBBc=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvgqsyIosuCmy4r2Ae045BJM21okhmSjFDCgL/ixoUibv0Od/6NmXYW2nogcDjnXu7JiVJGlfa8b2dldW19Y7OyVd3e2d3bdw8OOyrJJCZtnLBE9iKkCKOCtDXVjPRSSRCPGOlGk9vC7z4SqWgi7vU0JQFHI0FjipG2UugeDzjSY4yY6eWh4VrmD8bPQ7fm1b0Z4DLxS1IDJVqh+zUYJjjjRGjMkFJ930t1YJDUFDOSVweZIinCEzQifUsF4kQFZhY/h2dWGcI4kfYJDWfq7w2DuFJTHtnJIqxa9ArxP6+f6fgmMFSkmSYCzw/FGYM6gUUXcEglwZpNLUFYUpsV4jGSCGvbWNWW4C9+eZl0Lur+Vd27u6w1mmUdFXACTsE58ME1aIAmaIE2wMCAZ/AK3pwn58V5dz7moytOuXME/sD5/AEcMpY+</latexit>

X 1
mtr

<latexit sha1_base64="JPThZUXqVYT/ZZrSbxdJOPSdias=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2WmKLosuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTultfWNza3ydmVnd2//wD086qg4lZi0ccxi2YuQIowK0tZUM9JLJEE8YqQbTW9zv/tIpKKxuNezhAQcjQUdUYy0lUL3ZMCRnmDETC8LDdckezD1LHSrXs2bA64SvyBVUKAVul+DYYxTToTGDCnV971EBwZJTTEjWWWQKpIgPEVj0rdUIE5UYObxM3hulSEcxdI+oeFc/b1hEFdqxiM7mYdVy14u/uf1Uz26CQwVSaqJwItDo5RBHcO8CzikkmDNZpYgLKnNCvEESYS1baxiS/CXv7xKOvWaf1Xz7i6rjWZRRxmcgjNwAXxwDRqgCVqgDTAw4Bm8gjfnyXlx3p2PxWjJKXaOwR84nz8JwpYy</latexit>

X 2
mte

<latexit sha1_base64="JPThZUXqVYT/ZZrSbxdJOPSdias=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2WmKLosuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTultfWNza3ydmVnd2//wD086qg4lZi0ccxi2YuQIowK0tZUM9JLJEE8YqQbTW9zv/tIpKKxuNezhAQcjQUdUYy0lUL3ZMCRnmDETC8LDdckezD1LHSrXs2bA64SvyBVUKAVul+DYYxTToTGDCnV971EBwZJTTEjWWWQKpIgPEVj0rdUIE5UYObxM3hulSEcxdI+oeFc/b1hEFdqxiM7mYdVy14u/uf1Uz26CQwVSaqJwItDo5RBHcO8CzikkmDNZpYgLKnNCvEESYS1baxiS/CXv7xKOvWaf1Xz7i6rjWZRRxmcgjNwAXxwDRqgCVqgDTAw4Bm8gjfnyXlx3p2PxWjJKXaOwR84nz8JwpYy</latexit>

X 2
mte

<latexit sha1_base64="hIcVpYp9oZ/rNKrtfryWd++mxGw=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2ARXJUZUXRZdNOVVLAPaMchk2ba0CQzJBmhjLPwV9y4UMStv+HOvzHTzkJbDwQO59zLPTlBzKjSjvNtlZaWV1bXyuuVjc2t7R17d6+tokRi0sIRi2Q3QIowKkhLU81IN5YE8YCRTjC+zv3OA5GKRuJOT2LicTQUNKQYaSP59kGfIz3CiKVXN5mfci2z+9TNfLvq1Jwp4CJxC1IFBZq+/dUfRDjhRGjMkFI914m1lyKpKWYkq/QTRWKEx2hIeoYKxIny0mn+DB4bZQDDSJonNJyqvzdSxJWa8MBM5mnVvJeL/3m9RIeXXkpFnGgi8OxQmDCoI5iXAQdUEqzZxBCEJTVZIR4hibA2lVVMCe78lxdJ+7Tmntec27NqvVHUUQaH4AicABdcgDpogCZoAQwewTN4BW/Wk/VivVsfs9GSVezsgz+wPn8AnJiWgA==</latexit>

BN 1
mtr

<latexit sha1_base64="hIcVpYp9oZ/rNKrtfryWd++mxGw=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2ARXJUZUXRZdNOVVLAPaMchk2ba0CQzJBmhjLPwV9y4UMStv+HOvzHTzkJbDwQO59zLPTlBzKjSjvNtlZaWV1bXyuuVjc2t7R17d6+tokRi0sIRi2Q3QIowKkhLU81IN5YE8YCRTjC+zv3OA5GKRuJOT2LicTQUNKQYaSP59kGfIz3CiKVXN5mfci2z+9TNfLvq1Jwp4CJxC1IFBZq+/dUfRDjhRGjMkFI914m1lyKpKWYkq/QTRWKEx2hIeoYKxIny0mn+DB4bZQDDSJonNJyqvzdSxJWa8MBM5mnVvJeL/3m9RIeXXkpFnGgi8OxQmDCoI5iXAQdUEqzZxBCEJTVZIR4hibA2lVVMCe78lxdJ+7Tmntec27NqvVHUUQaH4AicABdcgDpogCZoAQwewTN4BW/Wk/VivVsfs9GSVezsgz+wPn8AnJiWgA==</latexit>

BN 1
mtr

(d) Decomposing

<latexit sha1_base64="Kq32typ91f2kbvVx432KnayMACU=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2WmKLosuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTultfWNza3ydmVnd2//wD086qg4lZi0ccxi2YuQIowK0tZUM9JLJEE8YqQbTW9zv/tIpKKxuNezhAQcjQUdUYy0lUL3ZMCRnmDETC8LDdcyezD1LHSrXs2bA64SvyBVUKAVul+DYYxTToTGDCnV971EBwZJTTEjWWWQKpIgPEVj0rdUIE5UYObxM3hulSEcxdI+oeFc/b1hEFdqxiM7mYdVy14u/uf1Uz26CQwVSaqJwItDo5RBHcO8CzikkmDNZpYgLKnNCvEESYS1baxiS/CXv7xKOvWaf1Xz7i6rjWZRRxmcgjNwAXxwDRqgCVqgDTAw4Bm8gjfnyXlx3p2PxWjJKXaOwR84nz8dt5Y/</latexit>

X 2
mtr

<latexit sha1_base64="Kq32typ91f2kbvVx432KnayMACU=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2WmKLosuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTultfWNza3ydmVnd2//wD086qg4lZi0ccxi2YuQIowK0tZUM9JLJEE8YqQbTW9zv/tIpKKxuNezhAQcjQUdUYy0lUL3ZMCRnmDETC8LDdcyezD1LHSrXs2bA64SvyBVUKAVul+DYYxTToTGDCnV971EBwZJTTEjWWWQKpIgPEVj0rdUIE5UYObxM3hulSEcxdI+oeFc/b1hEFdqxiM7mYdVy14u/uf1Uz26CQwVSaqJwItDo5RBHcO8CzikkmDNZpYgLKnNCvEESYS1baxiS/CXv7xKOvWaf1Xz7i6rjWZRRxmcgjNwAXxwDRqgCVqgDTAw4Bm8gjfnyXlx3p2PxWjJKXaOwR84nz8dt5Y/</latexit>

X 2
mtr

<latexit sha1_base64="FuoOhYl9+xi4DSMCv+NPyxIhW1w=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2XGB7osuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTulldW19Y3yZmVre2d3z90/aKs4lZi0cMxi2Y2QIowK0tJUM9JNJEE8YqQTTW5zv/NIpKKxuNfThAQcjQQdUoy0lUL3qM+RHmPETDcLDdckezAXWehWvZo3A1wmfkGqoEAzdL/6gxinnAiNGVKq53uJDgySmmJGsko/VSRBeIJGpGepQJyowMziZ/DUKgM4jKV9QsOZ+nvDIK7UlEd2Mg+rFr1c/M/rpXp4ExgqklQTgeeHhimDOoZ5F3BAJcGaTS1BWFKbFeIxkghr21jFluAvfnmZtM9r/lXNu7us1htFHWVwDE7AGfDBNaiDBmiCFsDAgGfwCt6cJ+fFeXc+5qMlp9g5BH/gfP4AC0eWMw==</latexit>

X 3
mte

<latexit sha1_base64="FuoOhYl9+xi4DSMCv+NPyxIhW1w=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2XGB7osuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTulldW19Y3yZmVre2d3z90/aKs4lZi0cMxi2Y2QIowK0tJUM9JNJEE8YqQTTW5zv/NIpKKxuNfThAQcjQQdUoy0lUL3qM+RHmPETDcLDdckezAXWehWvZo3A1wmfkGqoEAzdL/6gxinnAiNGVKq53uJDgySmmJGsko/VSRBeIJGpGepQJyowMziZ/DUKgM4jKV9QsOZ+nvDIK7UlEd2Mg+rFr1c/M/rpXp4ExgqklQTgeeHhimDOoZ5F3BAJcGaTS1BWFKbFeIxkghr21jFluAvfnmZtM9r/lXNu7us1htFHWVwDE7AGfDBNaiDBmiCFsDAgGfwCt6cJ+fFeXc+5qMlp9g5BH/gfP4AC0eWMw==</latexit>

X 3
mte

<latexit sha1_base64="Kegb5n/pKi9iZU6KtyqE6EGFz/4=">AAAB/3icbVDLSgMxFM34rPU1KrhxEyyCqzJTFF0W3XQlFewD2nHIpJk2NMkMSUYo4yz8FTcuFHHrb7jzb8y0s9DWA4HDOfdyT04QM6q043xbS8srq2vrpY3y5tb2zq69t99WUSIxaeGIRbIbIEUYFaSlqWakG0uCeMBIJxhf537ngUhFI3GnJzHxOBoKGlKMtJF8+7DPkR5hxNKrm8xPuZbZfVrLfLviVJ0p4CJxC1IBBZq+/dUfRDjhRGjMkFI914m1lyKpKWYkK/cTRWKEx2hIeoYKxIny0mn+DJ4YZQDDSJonNJyqvzdSxJWa8MBM5mnVvJeL/3m9RIeXXkpFnGgi8OxQmDCoI5iXAQdUEqzZxBCEJTVZIR4hibA2lZVNCe78lxdJu1Z1z6vO7Vml3ijqKIEjcAxOgQsuQB00QBO0AAaP4Bm8gjfryXqx3q2P2eiSVewcgD+wPn8Anh2WgQ==</latexit>

BN 2
mtr

<latexit sha1_base64="Kegb5n/pKi9iZU6KtyqE6EGFz/4=">AAAB/3icbVDLSgMxFM34rPU1KrhxEyyCqzJTFF0W3XQlFewD2nHIpJk2NMkMSUYo4yz8FTcuFHHrb7jzb8y0s9DWA4HDOfdyT04QM6q043xbS8srq2vrpY3y5tb2zq69t99WUSIxaeGIRbIbIEUYFaSlqWakG0uCeMBIJxhf537ngUhFI3GnJzHxOBoKGlKMtJF8+7DPkR5hxNKrm8xPuZbZfVrLfLviVJ0p4CJxC1IBBZq+/dUfRDjhRGjMkFI914m1lyKpKWYkK/cTRWKEx2hIeoYKxIny0mn+DJ4YZQDDSJonNJyqvzdSxJWa8MBM5mnVvJeL/3m9RIeXXkpFnGgi8OxQmDCoI5iXAQdUEqzZxBCEJTVZIR4hibA2lZVNCe78lxdJu1Z1z6vO7Vml3ijqKIEjcAxOgQsuQB00QBO0AAaP4Bm8gjfryXqx3q2P2eiSVewcgD+wPn8Anh2WgQ==</latexit>

BN 2
mtr

<latexit sha1_base64="5zkJnWsid9WXjTH2QCQwdOkwe/4=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2XGB7osuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTulldW19Y3yZmVre2d3z90/aKs4lZi0cMxi2Y2QIowK0tJUM9JNJEE8YqQTTW5zv/NIpKKxuNfThAQcjQQdUoy0lUL3qM+RHmPETDcLDdcyezAXWehWvZo3A1wmfkGqoEAzdL/6gxinnAiNGVKq53uJDgySmmJGsko/VSRBeIJGpGepQJyowMziZ/DUKgM4jKV9QsOZ+nvDIK7UlEd2Mg+rFr1c/M/rpXp4ExgqklQTgeeHhimDOoZ5F3BAJcGaTS1BWFKbFeIxkghr21jFluAvfnmZtM9r/lXNu7us1htFHWVwDE7AGfDBNaiDBmiCFsDAgGfwCt6cJ+fFeXc+5qMlp9g5BH/gfP4AHzyWQA==</latexit>

X 3
mtr

<latexit sha1_base64="5zkJnWsid9WXjTH2QCQwdOkwe/4=">AAAB/nicbVDLSgMxFM3UV62vUXHlJlgEV2XGB7osuOmygn1AOw6ZNG1Dk8yQZIQSBvwVNy4Ucet3uPNvzLSz0NYDgcM593JPTpQwqrTnfTulldW19Y3yZmVre2d3z90/aKs4lZi0cMxi2Y2QIowK0tJUM9JNJEE8YqQTTW5zv/NIpKKxuNfThAQcjQQdUoy0lUL3qM+RHmPETDcLDdcyezAXWehWvZo3A1wmfkGqoEAzdL/6gxinnAiNGVKq53uJDgySmmJGsko/VSRBeIJGpGepQJyowMziZ/DUKgM4jKV9QsOZ+nvDIK7UlEd2Mg+rFr1c/M/rpXp4ExgqklQTgeeHhimDOoZ5F3BAJcGaTS1BWFKbFeIxkghr21jFluAvfnmZtM9r/lXNu7us1htFHWVwDE7AGfDBNaiDBmiCFsDAgGfwCt6cJ+fFeXc+5qMlp9g5BH/gfP4AHzyWQA==</latexit>

X 3
mtr

<latexit sha1_base64="HlKTzFqI5FzL63lqngGGZmNoeA4=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvgqsyIosuCmy4r2Ae045BJM21okhmSjFDCgL/ixoUibv0Od/6NmXYW2nogcDjnXu7JiVJGlfa8b2dldW19Y7OyVd3e2d3bdw8OOyrJJCZtnLBE9iKkCKOCtDXVjPRSSRCPGOlGk9vC7z4SqWgi7vU0JQFHI0FjipG2UugeDzjSY4yY6eWh4ZrkD8bPQ7fm1b0Z4DLxS1IDJVqh+zUYJjjjRGjMkFJ930t1YJDUFDOSVweZIinCEzQifUsF4kQFZhY/h2dWGcI4kfYJDWfq7w2DuFJTHtnJIqxa9ArxP6+f6fgmMFSkmSYCzw/FGYM6gUUXcEglwZpNLUFYUpsV4jGSCGvbWNWW4C9+eZl0Lur+Vd27u6w1mmUdFXACTsE58ME1aIAmaIE2wMCAZ/AK3pwn58V5dz7moytOuXME/sD5/AEIPZYx</latexit>

X 1
mte

<latexit sha1_base64="HlKTzFqI5FzL63lqngGGZmNoeA4=">AAAB/nicbVDLSgMxFM34rPU1Kq7cBIvgqsyIosuCmy4r2Ae045BJM21okhmSjFDCgL/ixoUibv0Od/6NmXYW2nogcDjnXu7JiVJGlfa8b2dldW19Y7OyVd3e2d3bdw8OOyrJJCZtnLBE9iKkCKOCtDXVjPRSSRCPGOlGk9vC7z4SqWgi7vU0JQFHI0FjipG2UugeDzjSY4yY6eWh4ZrkD8bPQ7fm1b0Z4DLxS1IDJVqh+zUYJjjjRGjMkFJ930t1YJDUFDOSVweZIinCEzQifUsF4kQFZhY/h2dWGcI4kfYJDWfq7w2DuFJTHtnJIqxa9ArxP6+f6fgmMFSkmSYCzw/FGYM6gUUXcEglwZpNLUFYUpsV4jGSCGvbWNWW4C9+eZl0Lur+Vd27u6w1mmUdFXACTsE58ME1aIAmaIE2wMCAZ/AK3pwn58V5dz7moytOuXME/sD5/AEIPZYx</latexit>

X 1
mte

<latexit sha1_base64="FMQ/KAb12ARGC3RnDa5Q4GY7C9c=">AAAB/3icbVDLSgMxFM34rPU1KrhxEyyCqzLjA10W3XQlFewD2nHIpJk2NMkMSUYo4yz8FTcuFHHrb7jzb8y0s9DWA4HDOfdyT04QM6q043xbC4tLyyurpbXy+sbm1ra9s9tSUSIxaeKIRbITIEUYFaSpqWakE0uCeMBIOxhd5377gUhFI3GnxzHxOBoIGlKMtJF8e7/HkR5ixNKrm8xPuZbZfXqa+XbFqToTwHniFqQCCjR8+6vXj3DCidCYIaW6rhNrL0VSU8xIVu4lisQIj9CAdA0ViBPlpZP8GTwySh+GkTRPaDhRf2+kiCs15oGZzNOqWS8X//O6iQ4vvZSKONFE4OmhMGFQRzAvA/apJFizsSEIS2qyQjxEEmFtKiubEtzZL8+T1knVPa86t2eVWr2oowQOwCE4Bi64ADVQBw3QBBg8gmfwCt6sJ+vFerc+pqMLVrGzB/7A+vwBn6KWgg==</latexit>

BN 3
mtr

<latexit sha1_base64="FMQ/KAb12ARGC3RnDa5Q4GY7C9c=">AAAB/3icbVDLSgMxFM34rPU1KrhxEyyCqzLjA10W3XQlFewD2nHIpJk2NMkMSUYo4yz8FTcuFHHrb7jzb8y0s9DWA4HDOfdyT04QM6q043xbC4tLyyurpbXy+sbm1ra9s9tSUSIxaeKIRbITIEUYFaSpqWakE0uCeMBIOxhd5377gUhFI3GnxzHxOBoIGlKMtJF8e7/HkR5ixNKrm8xPuZbZfXqa+XbFqToTwHniFqQCCjR8+6vXj3DCidCYIaW6rhNrL0VSU8xIVu4lisQIj9CAdA0ViBPlpZP8GTwySh+GkTRPaDhRf2+kiCs15oGZzNOqWS8X//O6iQ4vvZSKONFE4OmhMGFQRzAvA/apJFizsSEIS2qyQjxEEmFtKiubEtzZL8+T1knVPa86t2eVWr2oowQOwCE4Bi64ADVQBw3QBBg8gmfwCt6sJ+vFerc+pqMLVrGzB/7A+vwBn6KWgg==</latexit>

BN 3
mtr

Clustering

<latexit sha1_base64="gfXPPF//Qb3K2Zqx0eYj8kbGqeo=">AAAB9HicbVDLSgMxFL2pr1pfVZdugkVwVWZE0WVBF66kon1AO5RMmmlDM5kxyRTK0O9w40IRt36MO//GTDsLbT0QOJxzL/fk+LHg2jjONyqsrK6tbxQ3S1vbO7t75f2Dpo4SRVmDRiJSbZ9oJrhkDcONYO1YMRL6grX80XXmt8ZMaR7JRzOJmReSgeQBp8RYyeuGxAwpEenNtPfQK1ecqjMDXiZuTiqQo94rf3X7EU1CJg0VROuO68TGS4kynAo2LXUTzWJCR2TAOpZKEjLtpbPQU3xilT4OImWfNHim/t5ISaj1JPTtZBZSL3qZ+J/XSUxw5aVcxolhks4PBYnAJsJZA7jPFaNGTCwhVHGbFdMhUYQa21PJluAufnmZNM+q7kXVuT+v1O7yOopwBMdwCi5cQg1uoQ4NoPAEz/AKb2iMXtA7+piPFlC+cwh/gD5/ANrXkjA=</latexit>DS

<latexit sha1_base64="dbuQOIwA5dZ5QIckJa2sd/KF6uU=">AAAB9HicbVDLSgMxFL2pr1pfVZdugkVwVWaKosuCmy4r9AXtUDJppg3NZMYkUyhDv8ONC0Xc+jHu/Bsz7Sy09UDgcM693JPjx4Jr4zjfqLC1vbO7V9wvHRweHZ+UT886OkoUZW0aiUj1fKKZ4JK1DTeC9WLFSOgL1vWnD5nfnTGleSRbZh4zLyRjyQNOibGSNwiJmVAi0tZiWBuWK07VWQJvEjcnFcjRHJa/BqOIJiGThgqidd91YuOlRBlOBVuUBolmMaFTMmZ9SyUJmfbSZegFvrLKCAeRsk8avFR/b6Qk1Hoe+nYyC6nXvUz8z+snJrj3Ui7jxDBJV4eCRGAT4awBPOKKUSPmlhCquM2K6YQoQo3tqWRLcNe/vEk6tap7W3Uebyr1Rl5HES7gEq7BhTuoQwOa0AYKT/AMr/CGZugFvaOP1WgB5Tvn8Afo8we/dZIZ</latexit>T2

<latexit sha1_base64="ewiHOauk0X5GPduIxBS1Pv7yWrQ=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsz4QJcFN11W6AvaoWTSTBuaScYkUyhDv8ONC0Xc+jHu/Bsz7Sy09UDgcM693JMTxJxp47rfTmFjc2t7p7hb2ts/ODwqH5+0tUwUoS0iuVTdAGvKmaAtwwyn3VhRHAWcdoLJQ+Z3plRpJkXTzGLqR3gkWMgINlby+xE2Y4J52pwPrgflilt1F0DrxMtJBXI0BuWv/lCSJKLCEI617nlubPwUK8MIp/NSP9E0xmSCR7RnqcAR1X66CD1HF1YZolAq+4RBC/X3RoojrWdRYCezkHrVy8T/vF5iwns/ZSJODBVkeShMODISZQ2gIVOUGD6zBBPFbFZExlhhYmxPJVuCt/rlddK+qnq3VffxplKr53UU4QzO4RI8uIMa1KEBLSDwBM/wCm/O1Hlx3p2P5WjByXdO4Q+czx/A+ZIa</latexit>T3
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Fig. 3. The overview of distribution-shifted task sampling. Given N source mixed domains {Di|i = 1, 2, 3, · · · }, we first sample a batch of tasks
{Ti|i = 1, 2, 3, · · · }, and each task consists of a meta-train X imtr and meta-test batch X imte from the same domain (or pseudo-domain generated by balanced
k-means). We then randomly shuffle the meta-train batches across tasks to enlarge the distribution bias between meta-train and meta-test. Note that after
shuffling, the meta-train and meta-test batches may be still from the same domain (e.g., the second task T2 in the figure). Finally, we decompose the weight
parameters θ and BN statistics BN for training.

Adjustment. During each iteration, the feature prefers to be
exchanged if the absolute value of the distance to its current
assigned center minus the distance to its best candidate center
is large. Specifically, we sort the features based on the absolute
difference value in descending order, then exchange two
features if the exchange brings improvement, while keeping
the same cluster size via maintaining a candidate list. The
detailed algorithm is described in Algorithm 1. Balanced k-
means is directly incorporated into the DMBN framework to
assign pseudo-domain labels within each batch. Note that the
objective of balanced k-means is to cluster the samples into
visually discriminative groups evenly for building distribution-
shifted tasks, not to predict the specific domain labels. In
several unbalanced conditions, the domain labels by balanced
k-means may not correspond to some manually defined ones
(e.g., race labels in source domains), but may be clustered
by other semantic attributes. For example, Caucasians may
dominate the dataset distribution, but the Caucasian faces can
be further clustered into different groups by the pose or age
attribute, which is sound for constructing distribution-shifted
tasks.

G. Meta-optimization

This section details the optimization procedure to improve
the domain-adaptive ability of the model. The whole optimiza-
tion procedure can be referred in Algorithm 2.

Meta-train. In each task, the meta-train batch Xmtr con-
tains B paired images Xmtr. We conduct the adapted hard-pair
attention loss as follows:

Lmtr = Lhp(Xmtr; θ,BNmtr), (3)

where θ is the weight model parameters, and the BN statistics
BNmtr is derived with θ and Xmtr. The back-propagated
gradient is denoted as ∇θLmtr. This step is similar to the
conventional training since BNmtr corresponds to the input
Xmtr.

Meta-test. In each task, the model is also tested on the meta-
test batch, which has a distribution shift with the meta-train
batch. It simulates the real-world adaptation so as to make
the learned weight parameters more adaptive to an unknown
domain. Specifically, the meta-train batch with limited samples

represents the local distribution of a domain, while the meta-
test simulates the unseen distribution to be evaluated. Since
we decompose the weight parameters θ and the BN statistics
BNmte, the meta-test loss is conducted with another BNmtr:

Lmte = Lhp(Xmte; θ,BNmtr), (4)

Overall objective. To combine the optimization on the
meta-train and meta-test, we build the final objective as:

arg min
θ

γLmtr(θ) + (1− γ)Lmte(θ), (5)

where γ weights the meta-train and meta-test losses. This
objective can be understood as: optimize the weight parameters
θ, not only to fit the meta-train domain, but also learn to fast
adapt to the distribution-shifted meta-test domain with limited
samples. From another view, the second term of Eqn. 5 can
be regarded as an extra regularization to encourage θ more
robust across domains. Finally, the learned weight parameters
θ can well adapt to a target domain, via only updating BN
with limited samples. The overview of DMBN is described in
Algorithm 2.

H. Fast Adaptation to Target Domain

To adapt to a new target domain, the model trained by
DMBN only needs to update the BN statistics with limited
unlabeled samples from the target domain. In the adaptation
phase, given a batch of m unlabeled samples, the global mean
µi and variance σ2

i of the BN statistics can be estimated as
follows:

ni = ni−1 +m,

δ = µ̂− µi−1,

µi ←
ni−1 · µi−1 +m · µ̂

ni
,

σ2
i ←

σ̂2 + σ2
i−1 + δ2 · ni−1 ·m

ni
,

(6)

where û and σ̂2 are the mean and variance estimation of
the current input mini-batch, ni is the aggregated number
of samples from the past iterations. Note that when i = 0,
ni, µi and σ2

i are initialized to 0, 0 and 1, respectively.
The estimation follows the online parallel algorithm proposed
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Algorithm 2: The algorithm overview of DMBN.
Input: Source mixed domains: DS .
Init: A pre-trained model f(θ) with the weight parameters

θ, the meta-train and meta-test batch-size of B, and
hyper-parameters β, γ.

1 for ite in max iterations do
2 Init the gradient gθ as 0;

// Sample a batch of tasks
3 if the domain labels are known then
4 Init N as the number of source domains DS ;
5 for each Di ∈ DS do

// Sampling a task
6 Sample B paired images from B individuals of

Di for meta-train batch X imtr;
7 Sample B paired images from other B

individuals of Di for meta-test batch X imte;
8 end
9 else

10 Init N as the cluster number k of balanced k-means;
11 Sample 2k ·B samples X from DS and extract

features F ;
12 Split X by domain labels returned from

BalancedKMeans (F , k) into meta-train X imtr and
meta-test batches X imte;

13 end
// Construct distribution-shifted tasks

14 Shuffle the indices of the sampled meta-train batches:
y = shuffle({1, 2, · · · , N});

15 for i = 1→ N do
16 Calculate BN statistics of each meta-train batch:

BN i
mtr = (φBN ◦ f)(X imtr; θ);

17 end
// Decomposing and composing

18 for i = 1→ N do
19 Meta-train:
20 Lmtr = Lhp(X imtr; θ,BN i

mtr);
21 Meta-test:
22 j = y(i);
23 Lmte = Lhp(X imte; θ,BN j

mtr);
24 Gradient aggregation:
25 gθ ← gθ + γ∇θLmtr + (1− γ)∇θLmte;
26 end
27 Meta-optimization:
28 Update θ ← θ − β

N
gθ by SGD;

29 end

in [54]. This implementation is numerically stable and can
fast estimate the global mean and variance with limited GPU
memory.

IV. EXPERIMENTS

To demonstrate the efficacy of DMBN, we design two
UDAL-FR benchmarks for evaluation and conduct several
experiments on the proposed benchmarks.

A. UDAL-FR Benchmarks and Protocols

The first UDAL-FR-I benchmark assumes that domain la-
bels of source mixed domains are accessible, while the second
UDAL-FR-II benchmark assumes not. The setting of UDAL-
FR-II is more challenging than UDAL-FR-I.

Training datasets. In real-world scenarios, a large base
dataset is usually used to pre-train a model. The pre-trained

model may generalize poorly on target scenarios, thus being
required to perform adaptation. To build such a benchmark,
we use Ms-Celeb-1M-NR as the base dataset and RFW [55]
as our source training domains following [51]. Ms-Celeb-1M-
NR indicates Ms-Celeb-1M without RFW, since RFW overlaps
Ms-Celeb-1M [13] with a few individuals. In Ms-Celeb-
1M-NR, the overlapped individuals with RFW are removed
according to the individual keyword. Ms-Celeb-1M-NR is
thus independent of source training domains. Specifically, the
source training domain RFW [55] consists of four subsets,
namely Caucasian, Asian, African and Indian. For each subset,
we select about 2K individuals as a source domain for train-
ing following [51]. Detailed statistics of the source training
domain are shown in Table I.

Testing datasets. CASIA NIR-VIS 2.0 [56] is a large and
challenging face dataset across NIR and VIS spectrum. We fol-
low the standard protocol defined by [56] to use 6,566 images
of 358 individuals for testing. 8,749 samples of the training
set are made unlabeled for the sampling and fast adaptation.
Note that there are 10 folds and we only show the number of
individuals and images of the first fold in Table II. Other folds
have similar statistics and we report the average value of 10
folds. HFB [57] is an older but also widely used dataset across
NIR and VIS spectrum. Following [58], we use 2,918 images
of 102 subjects for testing. 2,157 samples of the training
set are made unlabeled for the sampling and fast adaptation.
Oulu-CASIA NIR-VIS [59] consists of 80 subjects with six
expression variations (anger, disgust, fear, happiness, sadness
and surprise). Following [60], we adopt 1,920 images of 20
subjects for testing. 5,760 samples of the training set are made
unlabeled for the sampling and fast adaptation. MultiPIE is
adopted for cross-pose evaluation following [51]. 1,690 images
of 237 individuals are selected for testing. 18,704 unlabeled
samples without overlapped individuals are for the sampling
and fast adaptation. MeGlass [61] is used for evaluating
eyeglass-robust face recognition. We split the original 1,710
individuals into two parts: 6,040 images of 1,510 individuals
for testing, and the remaining 19,660 unlabeled samples of
200 individuals for the sampling and fast adaptation. Public-
IvS [62] considers the ID vs. Spot face recognition. We
select 4,241 images of 1,012 individuals for testing and the
remaining 1,159 unlabeled samples of 200 individuals for
the sampling and fast adaptation. WebCaricature [63] is
originally proposed for caricature face recognition. We follow
the unrestricted face verification protocol in [63] for testing.
Specifically, 1,094 images of 26 individuals are for testing
and 10,924 unlabeled samples of 226 individuals are for the
sampling and fast adaptation. The testing protocols of CASIA
NIR-VIS 2.0, HFB, Oulu-CASIA NIR-VIS and WebCaricature
are the same as the original ones. The testing protocols
of MultiPIE, MeGlass and Public-IvS are slightly different
from [51] since a portion of samples from target domains
are made unlabeled for fast adaptation. Detailed statistics of
testing datasets are shown in Table II.

Benchmark protocol. UDAL-FR-I consists of the source
domain dataset RFW with known domain labels for Caucasian,
Asian, African and Indian and seven target datasets. While in
UDAL-FR-II, the domain information in the source domain
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dataset is unknown. This is the only difference between UDAl-
FR-I and UDAl-FR-II. UDAL-FR-II is more consistent with
real-world scenarios and also more challenging than UDAL-
FR-I.

Evaluation method. During testing, we extract each face
image’s feature and its flipped one, then concatenate them to
construct the final representation. Cosine similarity is used
as the measured score. We use the receiver operating char-
acteristic (ROC) curve and Rank-1 accuracy to evaluate the
performance. For ROC, we report the verification rate (VR) at
low false acceptance rates (FAR) e.g., 1%, 0.1%, 0.01%, and
0.001%. For Rank-1 accuracy, each probe image is matched to
all gallery images. If the top-1 return is the same individual,
the matching is correct. For WebCaricature, we only report
VRs at FAR=1% and 0.01% following the original verification
protocol [63].

Adaptation setting. For each target domain DTi , we ran-
domly sample a limited number of samples, e.g., 16, 32,
64 or 1,000 samples from unlabeled images in DTi for the
unsupervised domain adaptation. We repeat the sampling ten
times independently and report the mean value. In adaptation,
the mini-batch size is set to 64. If the number of target
samples is less than 64, we directly estimate the BN statistics
BN composing of the mean and variance within a batch.
Otherwise, we adopt the online algorithm in Section III-H
to estimate BN . Once we acquire BN , we use the weight
parameters θ and BN to extract face representations and
perform testing.

TABLE I
THE STATISTICS OF SOURCE DOMAINS DS IN UDAL-FR-I AND
UDAL-FR-II BENCHMARKS. DM. INDICATES DOMAIN LABEL.

Protocol Dataset of DS #Train ID #Train img.

UDAL-FR-I

Caucasian 1,957 6,757
Asian 1,492 5,784

African 1,995 6,938
Indian 1,984 6,857

UDAL-FR-II Mixed w/o dm. 7,428 26,336

TABLE II
THE STATISTICS OF TARGET DOMAINS DT . WE RE-ORGANIZE THE

DATASETS TO ENSURE THE UNLABELED IMAGES AND TESTING IMAGES
ARE DISJOINTED WITHOUT OVERLAPPED INDIVIDUALS.

Dataset of DT #Unlabeled img. #Test ID #Test img.

CASIA NIR-VIS 2.0 8,749 358 6,566
HFB 2,157 102 2,918

Oulu-CASIA NIR-VIS 5,760 20 1,920
MultiPIE 18,704 237 1,690
MeGlass 19,660 1,510 6,040

Public-IvS 1,159 1,012 4,331
WebCaricature 10,924 26 1,094

B. Implementation Details

Our experiments are based on PyTorch [64]. The random
seed on CPU and GPU is fixed as 2,020 in all comparative
experiments for fair comparisons. We use a 28-layer ResNet as
the backbone, with about 129M MACs and 4.6M parameters.

The feature/representation dimension is 256. We pre-train
our model on Ms-Celeb-1M-NR using CosFace [24]. The
input face image is aligned, then cropped and resized to
120×120. The input batches are normalized by subtracting
127.5 and being divided by 128. The optimization step-size
β is initialized to 0.0001. The weight γ balancing the meta-
train and meta-test losses is set to 0.5. The batch-size B is
64. During training, the step-size β is decayed by 0.5 every
1K steps, and the total iterations are 8K. The whole training
time is about 8 hours on a TITAN Xp GPU. δp is set to 0.4
and δn is 0.01. k is set to 4 for the balanced k-means. In
meta-optimization, we choose SGD to optimize the network.
The weight decay is 0.0005, and the momentum is 0.9.

C. Comparative Experiments with Different Numbers of Sam-
ples and Baselines

Settings. We evaluate our method DMBN with different
numbers of unlabeled samples and compare it to two baselines.
The numbers contain four options: 16, 32, 64 and 1,000.
The baselines include: (i) Agg: the model pre-trained on the
aggregation of MS-Celeb-1M-NR and source domains using
CosFace [24]. We use the Agg model as a simple baseline
for comparison. (ii) Base: the model fine-tuned on source
domains by the hard-pair attention loss. We use Base as a
strong baseline for comparison. We report the VRs at low FAR
1%, 0.1%, 0.01%, 0.001% and the Rank-1 accuracy. Except
for the Agg and Base model, we repeat the experiments ten
times independently and report the mean value.

Results. The comparative results are shown in Table III.
From the results, we can make the following observations: (i)
The baseline models of Agg and Base are strong in general, but
do not perform well at some low FARs. For example, the Agg
or Base model only achieves 47.55% or 66.31% VR on HFB
at FAR=0.001% and 47.13% or 55.62% VR on WebCaricature
at FAR=1%. This is possibly because the bias between source
and target domains is too large. In comparison, our method
DMBN surpasses these two baselines by a significant margin
among all seven target domains with only a limited number
of unlabeled samples. Specifically, our DMBN improves the
VR over 10% compared to baselines on the most challenging
domain of WebCaricature. (ii) Generally, our method DMBN
is robust to different numbers of samples. When the number of
target samples reduces from 1,000 to 32 or 16, the performance
drop is little, and the performance improvement over Base is
still apparent. For example, when the number reduces from
1,000 to 16 on CASIA NIR-VIS 2.0, the VR drops less than
1% at FAR=0.01%, but still improves 5.72% over the Base
model.

D. Comparative Experiments to UDA Competitors with Very
Limited Target Samples

Settings. To evaluate the effectiveness of DMBN, we com-
pare DMBN to other competitors of UDA methods with
a very limited number of target samples, e.g., 16 samples
on all target domains, which is a very challenging setting.
The UDA competitors include: (i) AdaBN (Agg) and AdaBN
(Base): the Agg and Base models adapted to target domain via
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TABLE III
COMPARISON RESULTS WITH DIFFERENT NUMBERS OF UNLABELED SAMPLES AND TWO BASELINES ON UDAL-FR-I. EXCEPT FOR Agg AND Base, WE

REPORT THE MEAN VALUE OF TEN INDEPENDENT EXPERIMENTS. #TARGET SAMPLES INDICATE THE NUMBER OF UNLABELED SAMPLES FROM THE
TARGET DOMAIN. WE HIGHLIGHT THE BEST RESULT OF EACH TARGET DATASET/DOMAIN.

Dataset / Domain Method #Target samples VR (%) Rank1 (%)
FAR=1% FAR=0.1% FAR=0.01% FAR=0.001%

CASIA NIR-VIS 2.0

Agg [24] - 97.55 89.93 70.82 51.8 92.86
Base [51] - 98.52 93.36 80.09 58.12 94.51

DMBN

16 99.21 94.98 85.81 70.6 96.5
32 99.23 95.1 85.93 70.88 96.61
64 99.22 94.96 86.01 70.84 96.58

1,000 99.36 96.19 86.8 72.11 97.12

HFB

Agg [24] - 99.33 94.68 78.7 47.55 99.12
Base [51] - 99.67 97.25 83.93 66.31 99.45

DMBN

16 99.96 98.85 95.38 85.12 99.97
32 99.98 99.08 96.45 87.87 99.99
64 99.99 99.07 96.63 87.27 99.99

1,000 99.99 99.09 96.72 87.76 100

Oulu-CASIA NIR-VIS

Agg [24] - 95.09 82.54 71.02 59.77 100
Base [51] - 96.82 86.4 71.63 61.84 100

DMBN

16 96.32 86.12 73.7 63.35 100
32 96.5 86.61 74.46 65.82 100
64 96.85 88.01 76.63 68.6 100

1,000 96.85 88.91 76.93 69.12 100

MultiPIE

Agg [24] - 100 99.89 98.51 90.28 100
Base [51] - 100 100 99.15 92.35 100

DMBN

16 100 100 99.43 96.63 100
32 100 100 99.51 96.35 100
64 100 100 99.6 96.44 100

1,000 100 100 99.61 96.62 100

MeGlass

Agg [24] - 98.86 94.9 86.01 72.04 97.91
Base [51] - 98.57 95.58 88.06 74.81 98.18

DMBN

16 99.03 96.15 89.43 79.11 98.43
32 99.15 96.51 90.28 80 98.6
64 99.17 96.52 90.48 80.29 98.62

1,000 99.21 96.52 90.81 80.77 98.6

Public-IvS

Agg [24] - 97.94 94.2 86.33 74.96 93.37
Base [51] - 98.11 94.31 87 76.51 93.74

DMBN

16 98.41 96.73 92.35 84.71 96
32 98.39 96.81 92.8 85.63 96.01
64 98.41 96.83 93.02 86.13 96.05

1,000 98.42 96.9 93.15 85.91 96.06

WebCaricature

Agg [24] - 47.13 34.86 - - -Base [51] - 55.62 39.75

DMBN

16 66.29 46.13

- - -32 66.23 47.01
64 66.64 47.37

1,000 67.55 48.09

AdaBN [19]. (ii) MMD (Base): the Base model trained with
the Maximum Mean Discrepancy (MMD) regularization. We
adopt two MMD kernels for comparisons: the linear kernel
MMD-Linear (Base) and the multiple (five) gaussian kernels
MMD-Gaussian (Base) following [14]. (iii) Pseudo labeling
+ Imp.: the model trained with pseudo-labeled samples of the
target domain. NANN [17] is first adapted to assign pseudo-
labels to unlabeled target samples, then the model is fine-
tuned by weight-imprinted method [65]. Note that we cannot
generate enough hard pairs with limited target samples, thus
fine-tuning with the hard-pair attention loss is infeasible.

Results. From the comparative results in Table IV and

Table III, we can conclude: (i) Overall, our method DMBN
achieves the best results on seven target domains compared
to all other UDA competitors. (ii) The improvement of Ad-
aBN is limited for the Agg and Base models. On HFB, the
AdaBN (Agg) or AdaBN (Base) model even brings negative
adaptation when FAR is 0.001%. Generally, AdaBN improves
the adaptation performance, but is unstable and seems not
very effective with very limited samples. (iii) The multi-
gaussian kernels of MMD perform better than the linear kernel,
but the performance gain is small on all target domains.
(iv) Pseudo labeling based methods perform badly when the
target number is 16. It is possibly because fine-tuning on the
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TABLE IV
COMPARISON RESULTS WITH OTHER UDA COMPETITORS WITH 16 TARGET SAMPLES, UNDER THE UDAL-FR-I BENCHMARK. WE REPORT THE MEAN
VALUE OF TEN INDEPENDENT EXPERIMENTS. #TARGET SAMPLES INDICATE THE NUMBER OF UNLABELED SAMPLES FROM THE TARGET DOMAIN. WE

HIGHLIGHT THE BEST RESULT OF EACH TARGET DATASET/DOMAIN EXCEPT FOR 100% VR AND RANK1 ACCURACY.

Dataset / Domain Method #Target samples VR (%) Rank1 (%)
FAR=1% FAR=0.1% FAR=0.01% FAR=0.001%

CASIA NIR-VIS 2.0

AdaBN (Agg) [19]

16

97.34 89.56 72.04 47.53 93.11
AdaBN (Base) [19] 98.24 93 80.16 60.32 95.06

MMD-Linear (Base) [14] 98.18 92.25 79.75 64.3 93.78
MMD-Gauissian (Base) [14] 97.95 92.82 80.69 64.04 93.99

Pseudo labeling [17] + Imp. [65] 97.83 91.3 75.86 52.96 93.27
DMBN (Ours) 99.21 94.98 85.81 70.6 96.5

HFB

AdaBN (Agg) [19]

16

99.11 95.6 78.34 39.99 97.98
AdaBN (Base) [19] 99.45 96.86 84.23 57.95 99.3

MMD-Linear (Base) [14] 99.55 94.89 81.17 63.1 99.73
MMD-Gauissian (Base) [14] 99.49 94.36 83.09 63.51 100

Pseudo labeling [17] + Imp. [65] 99.05 96 81.19 48.24 98.9
DMBN (Ours) 99.96 98.85 95.38 85.12 100

Oulu-CASIA NIR-VIS

AdaBN (Agg) [19]

16

92.89 78.05 61.96 49.62 99.76
AdaBN (Base) [19] 96.04 85.27 71.77 61 100

MMD-Linear (Base) [14] 95.46 84.59 68.07 56.06 100
MMD-Gauissian (Base) [14] 94.95 83.25 70.02 57.59 100

Pseudo labeling [17] + Imp. [65] 96.29 85.92 72.96 59.5 100
DMBN (Ours) 96.32 86.12 73.7 63.35 100

MultiPIE

AdaBN (Agg) [19]

16

100 99.88 97.77 90 100
AdaBN (Base) [19] 100 99.94 98.61 93.59 100

MMD-Linear (Base) [14] 100 99.97 99.12 94.75 100
MMD-Gauissian (Base) [14] 100 99.86 98.57 94.17 100

Pseudo labeling [17] + Imp. [65] 100 99.96 99.43 96.63 100
DMBN (Ours) 100 100 99.61 96.62 100

MeGlass

AdaBN (Agg) [19]

16

98.51 94.63 85.93 72.47 97.63
AdaBN (Base) [19] 98.87 95.59 88.03 75.81 98.15

MMD-Linear (Base) [14] 98.81 94.87 87.04 75.65 97.85
MMD-Gauissian (Base) [14] 98.84 94.88 87.34 76.72 97.78

Pseudo labeling [17] + Imp. [65] 98.76 95.36 87.58 76.27 97.98
DMBN (Ours) 99.03 96.15 89.43 79.11 98.43

Public-IvS

AdaBN (Agg) [19]

16

97.68 93.81 86.87 75.74 93.34
AdaBN (Base) [19] 97.88 94.48 88.2 76.74 94.06

MMD-Linear (Base) [14] 97.68 93.83 86.69 74.77 93.02
MMD-Gauissian (Base) [14] 97.78 93.76 86.94 74.49 92.98

Pseudo labeling [17] + Imp. [65] 97.92 94.55 88.3 78.25 93.72
DMBN (Ours) 98.41 96.73 92.35 84.71 96

WebCaricature

AdaBN (Agg) [19]

16

51.44 38.23

- - -

AdaBN (Base) [19] 57.09 41.4
MMD-Linear (Base) [14] 58.71 43.7

MMD-Gauissian (Base) [14] 59.94 43.89
Pseudo labeling [17] + Imp. [65] 59.45 42.62

DMBN (Ours) 66.29 46.13

small scale of noised data leads to overfitting. (v) On the
most challenging domain of WebCaricature, the performance
of DMBN surpasses other UDA competitors over 6.8% at
FAR=1% and 2.2% at FAR=0.1%.

E. Comparative Experiments to UDA Competitors with Suffi-
cient Samples

Our method DMBN beats other UDA competitors by a large
margin when the target number is only 16 (Section IV-D).
To further demonstrate the efficacy of DMBN, we perform a
comparison on CASIA NIR-VIS 2.0 across different numbers
of target samples. The results in Fig. 4 and Table IV show: (i)
Other UDA methods improve the performance benefiting from
the increased number of samples, e.g., MMD-Gaussian (Base)
improves the VR from 80.69% (16 samples) to 83.8% (1,000
samples). (ii) DMBN still performs better than other UDA

competitors obviously. For example, DMBN is 4% higher than
the best MMD-Gaussian (Base) model.

F. Comparison Between UDAL-FR-I and UDAL-FR-II

The UDAL-FR-II benchmark assumes the domain labels of
source domains are unavailable, which is more consistent with
the real-world scenarios and is thus more challenging than
UDAL-FR-I. For UDAL-FR-II, our DMBN incorporates the
proposed balanced k-means module to assign pseudo-domain
labels within each mini-batch to perform the distribution-
shifted task sampling. We compare DMBN under UDAL-
FR-I and UDAL-FR-II benchmarks with different numbers
of target samples in Table V. The results demonstrate that
the overall performance of UDAL-FR-II only drops slightly
compared to UDAL-FR-I. For example, on CASIA NIR-VIS
2.0, the VR gaps are less than one percent across differ-
ent numbers of target samples when FAR=0.01%: 85.81%
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Fig. 4. Comparative results with other UDA competitors on CASIA NIR-VIS
2.0, under the UDAL-FR-I benchmark. From left to right, we show the VRs at
FAR=0.01% with different numbers of target samples, e.g., 32, 64 and 1,000
samples. Our DMBN shows better performance than competitors obviously.

vs. 84.9% (16 samples), 85.93% vs. 85.05% (32 samples),
86.01% vs. 85.46% (64 samples) and 86.8% vs. 85.97%
(1,000 samples). It is worth noting that DMBN with balanced
k-means (UDAL-FR-II) even performs better than DMBN
with source domain labels (UDAL-FR-I) on WebCaricature.
It is likely that balanced k-means produces more varieties of
distribution shifts than source domain labels and such varieties
help improve the adaptation on the target domain. The overall
results demonstrate that our DMBN is robust even without the
domain information, and the balanced k-means is effective for
DMBN.

TABLE V
COMPARISON RESULTS OF DMBN BETWEEN UDAL-FR-I AND

UDAL-FR-II BENCHMARKS AT FAR=0.01%. DM. INDICATES DOMAIN
INFORMATION. THE METHOD DMBN W/ DM. CORRESPONDS TO

UDAL-FR-I AND DMBN W/O DM. (k=4) CORRESPONDS TO
UDAL-FR-II. k IS THE CLUSTER NUMBER OF BALANCED k-MEANS AND

SET 4 HERE.

Dataset / Domain Method
#Target samples

16 32 64 1,000

VR(%)@FAR=0.01%

CASIA NIR-VIS 2.0 DMBN w/ dm. 85.81 85.93 86.01 86.8
DMBN w/o dm. (k=4) 84.9 85.05 85.46 85.97

HFB DMBN w/ dm. 95.38 96.45 96.63 96.72
DMBN w/o dm. (k=4) 95.15 95.67 95.78 96.14

Oulu-CASIA NIR-VIS DMBN w/ dm. 73.7 74.46 76.63 76.93
DMBN w/o dm. (k=4) 73.73 73.98 76.78 76.68

MultiPIE DMBN w/ dm. 99.43 99.51 99.6 99.61
DMBN w/o dm. (k=4) 99.04 99.01 99.1 99.08

MeGlass DMBN w/ dm. 89.43 90.28 90.48 90.81
DMBN w/o dm. (k=4) 88.97 89.8 90.09 90.24

Public-IvS DMBN w/ dm. 92.35 92.8 93.02 93.15
DMBN w/o dm. (k=4) 91.89 91.9 92.32 92.59

WebCaricature

VR(%)@FAR=1%

DMBN w/ dm. 66.29 66.23 66.64 67.55
DMBN w/o dm. (k=4) 67.95 67.32 68.32 69.32

G. Comparative Experiments With Supervised Competitors

We compare our unsupervised DMBN to other supervised
competitors on Oulu-CASIA NIR-VIS, which has a larger

illumination and expression gap to source domains. The super-
vised competitors, e.g., WCNN [66], DVR [67], use labeled
samples from the target domain for training. The results are
shown in Table VI. We find our results are competitive to
supervised methods. Our performance even surpasses most of
other supervised methods, e.g., Light CNN [68], IDR [69],
DVR [67], ADFL [70] and WCNN [66], which use all 5,760
target labeled samples for training. The results show that our
unsupervised DMBN is a potential alternative for supervised
methods.

TABLE VI
COMPARATIVE RESULTS WITH OTHER SUPERVISED METHODS ON

OULU-CASIA NIR-VIS, UNDER THE UDAL-FR-II BENCHMARK.
DOMAIN LABELS OF TRAINING DOMAINS ARE UNAVAILABLE IN
UDAL-FR-II. k IS THE CLUSTER SIZE AND IS SET 4 HERE. #TS.

INDICATES THE NUMBER OF TARGET SAMPLES. NOTE THAT OTHER
COMPETITORS ARE ALL SUPERVISED METHODS AND ARE TRAINED WITH

ABOUT 5,760 LABELED SAMPLES. LR. INDICATES LOW-RANK.

Method #Ts. VR (%) Rank1 (%)
FAR=1% FAR=0.1%

Agg - 95.09 82.54 100
Base 96.82 86.4 100

Light CNN [68]

5,760

92.4 65.1 96.7
IDR [69] 73.4 46.2 94.3

ADFL [70] 83 60.7 95.5
WCNN [66] 75 50.9 96.4

WCN + lr. [66] 81.5 54.6 98
DVR [67] 97.2 84.9 100
DVG [71] 98.5 92.9 100

DMBN (k=4)

16 96.94 85.33 100
32 96.78 86.32 100
64 97.01 88.02 100

1,000 97.5 88.84 100

H. Ablation Study

Domain-shuffling. During training, we randomly shuffle
the meta-train batches across tasks to enlarge the distribution
shift between meta-train and meta-test. To evaluate its con-
tribution, we perform ablation experiments on CASAI NIR-
VIS 2.0 with five settings: (i) Randomly sampling without
using source domain labels or estimated domain labels by
balanced k-means. It means the samples are all randomly
sampled. (ii) Using estimated domain labels by balanced k-
means without domain shuffling. (iii) Using source domain
labels without domain shuffling. (iv) Using estimated domain
labels by balanced k-means with domain shuffling. (v) Using
source domain labels with domain shuffling. The results in
Fig. 5 show: with different numbers of target samples as
input, domain shuffling improves the performance with source
domain labels or estimated domain labels by balanced k-
means. For example, when the number of target samples is
32, the verification rate at FAR=0.001% improves 2.7% with
source domain labels and 3% with estimated domain labels
by balanced k-means. Besides, the performance of domain
shuffling with source or estimated domain labels surpasses the
random sampling.

The impact of γ. In Eqn. 5, the hyper-parameter γ weights
the meta-train and meta-test losses. To analyze the impact of γ,
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Fig. 5. The ablation results of domain shuffling on CASIA NIR-VIS 2.0 at
the low FAR=0.001% with different target samples. ds. is the domain shuffling
operation. Five settings are compared: (i) random sampling means sampling
without using source or estimated domain labels. (ii) w/o ds. (balanced k-
means) means not using domain shuffling with the estimated domain labels by
balanced k-means. (iii) w/o ds. means not using the domain shuffling. (iv) w/
ds. (balanced k-means) indicates the domain labels are estimated by balanced
k-means. (v) w/ ds. uses the source domain labels for domain shuffling.

we conduct ablative experiments in Fig. 6. The results indicate
that the gradients from the meta-train and meta-test should be
roughly equally weighted in optimization. A proper value, e.g.,
0.4, 0.5, or 0.6, gives satisfied results.
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Fig. 6. The ablation results on CASIA NIR-VIS 2.0, under the UDAL-FR-I
benchmark, with different γ. The number of target samples is 64.

Comparison between vanilla and balanced k-means.
When domain labels are unavailable in UDAL-FR-II, DMBN
adopts the balanced k-means to assign pseudo-domain labels
within batches for training. Compared to the vanilla k-means,
the balanced k-means can produce k clusters with the same
size. As shown in Fig 8, the vanilla k-means tends to group
the ”Asian” and ”Caucasian” domains together, making the
clustering results unbalanced. The balanced k-means shows
a good separation and balances the outputted cluster size
simultaneously. Besides, we compare the quantitative results
in Table VII. The results show that the balanced k-means
performs better than the vanilla one for DMBN. For example,
when FAR=0.01% and the number of target samples is 32, the
VR of the balanced k-means is 85.05%, surpassing the vanilla
one 82.55% by a large margin.

Balanced k-means on unbalanced source domains. To
further verify the effectiveness of balanced k-means with
the unbalanced distribution, we conduct comparative exper-
iments on unbalanced source domains D′

S in Fig. 7. D′

S is
built by adjusting the race distribution of source datasets to

TABLE VII
THE COMPARATIVE RESULTS ON CASIA NIR-VIS 2.0 BETWEEN THE
VANILLA K-MEANS AND BALANCED K-MEANS. #TS. INDICATES THE

NUMBER OF AVAILABLE SAMPLES IN THE TARGET DOMAIN.

#Ts. k-means VR (%) @ FAR= Rank1 (%)
0.1% 0.01% 0.001%

16 Vanilla 93.86 82.13 66.86 95.68
Balanced 94.93 84.9 70.62 96.29

32 Vanilla 93.94 82.55 66.03 95.66
Balanced 94.92 85.05 71.22 96.32

64 Vanilla 94.33 83.84 67.72 95.86
Balanced 94.93 85.46 70.93 96.23

1,000 Vanilla 94.5 84.12 69.78 96.08
Balanced 95.18 85.97 72.23 96.4

be consistent with the distribution of Ms-Celeb-1M given
by [55]. After the adjustment, the training ids/images of each
dataset from the unbalanced D′

S are: 2,958 ids/10,185 images
(Caucasian), 256 ids/1,867 images (Asian), 562 ids/3,748
images (African) and 101 ids/666 images (Indian). Obviously,
Caucasians dominate the distribution of D′

S . In training, the
domain information is unknown following the UDAL-FR-
II protocol. The comparative results in Fig. 7 show that
the balanced k-means outperforms vanilla k-means even on
unbalanced source domains.

Fig. 7. The comparative results of CASIA NIR-VIS 2.0 on unbalanced source
domains D′

S . The vanilla k-means and balanced k-means are compared.

Impact of k. k is a hyper-parameter of the balanced k-
means, which represents the desired number of clusters. Once
set, k is fixed during training. The ablation results are shown
in Fig. 9. When k becomes larger, e.g., greater than 6, the
performance drops rapidly on CASIA NIR-VIS 2.0. This
is possibly because the distribution shifts across clustered
domains get smaller when k gets larger. In Fig. 9, when
considering the overall performance (the mean performance
of all FARs), we set k=4.

I. Discussions

Sampling of target samples. In the adaptation phase, the
sampling of target samples is completely random, which may
sample an unbalanced distribution from the target domain. In
comparison, by-individual sampling is balanced to some de-
gree. For example, when sampling 1,000 samples from CASIA
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Fig. 8. The t-SNE visualizations of the clustering results by the vanilla k-
means and balanced k-means. The left one is with groudtruth labels, the
middle one is vanilla k-means and the right is balanced k-means.
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Fig. 9. Ablation results on CASIA NIR-VIS 2.0, with different k for balanced
k-means, at FAR=1%, 0.1%, 0.01% and 0.001%, under the UDAL-FR-II
benchmark. The number of target samples is 64.

NIR-VIS 2.0, the by-individual sampling evenly samples about
three samples from each individual. The comparative results
in Fig. 10 show that the balanced by-individual sampling is
slightly better than by-sample. In other words, our DMBN is
robust to unbalanced sampling.
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Fig. 10. The comparative results on CASIA NIR-VIS 2.0, under the UDAL-
FR-I benchmark, with different sampling of the target samples.

Updating momentum of BN . In the adaptation phase,
we directly use target samples to estimate the BN statistics
BN , ignoring the original BN of the trained model. In
other words, the momentum is equivalent to 0 in our setting.
Fig. 11 compares the effect of different momentums on the
verification rate (VR) of HFB. We can observe that when the
momentum gets larger, the performance gets worse, and the
zero momentum performs best. These results indicate that the
BN of the original model hampers the adaptation.

Computation cost of balanced k-means. The time com-
plexity of vanilla k-means is O(Tdn2) if considering the
distance matrix calculation, where T is the number of iteration,
d is the feature dimension and n is the number of input
samples. In comparison, the time complexity of balanced k-
means is also O(Tdn2). The extra computation complexity
brought by balanced k-means is O(Tn2) in the adjustment
phase, which has the same magnitude as the overall com-
plexity. Theoretically, our balanced k-means imposes only a
small computation overhead over vanilla k-means. Comparing
vanilla and balanced k-means when the whole batch size is set
1,024, the time is 0.156s vs. 0.185s, respectively. The practical
results also show the computation overhead of balanced k-
means is small.
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Fig. 11. The performance on HFB, under the UDAL-FR-I benchmark, with
different momentums to update BN .

Adaptation efficiency. To perform adaptation, the model
learned by DMBN only needs to update the BN with limited
samples from the target domain. The speed of adaptation
is thus very fast. For example, the adaptation only spends
7.67ms (217ms) on GPU or 0.21s (16s) on CPU with 16
(1,000) samples as input. In comparison, other UDA methods,
e.g., MMD or pseudo labeling based methods, need gradient
updating and take up at least several minutes or hours to
perform adaptation.

TABLE VIII
COMPARISON OF DG AND UDA METHODS ON CASIA NIR-VIS 2.0.

Setting Method VR (%) @ FAR= Rank1 (%)
0.1% 0.01% 0.001%

DG MLDG [72] 90.44 69.32 - 93.56
MFR [51] 95.97 81.92 - 96.92

UDA DMBN (Ours) 96.19 86.8 72.11 97.12

Comparison between UDA and DG methods. As a
highly related direction to unsupervised domain adaptation
(UDA), domain generalization (DG) assumes that the data
of target domain is inaccessible during training. The UDA
and DG methods are rarely compared before. We compare
our unsupervised DMBN with the other two DG methods on
CASIA NIR-VIS 2.0 in Table VIII. From the results, we can
see that DMBN outperforms DG methods, especially at the
low FAR=0.01%.
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V. CONCLUSION

In this paper, we highlight the challenging problem of
Unsupervised Domain Adaptation for Face Recognition with
Limited samples (UDAL-FR), which usually exists in real-
world scenarios. To address it, we propose a novel meta-
learning based framework by decomposing the model into
the weight parameters θ and the BN statistics BN , named
Decomposed Meta Batch Normalization (DMBN). DMBN
trains the network such that domain-invariant information is
prone to store in θ and domain-specific knowledge tends to be
represented by BN . Once trained, the model can fast adapt to
the target domain via only updating BN with limited samples
from the target domain. Extensive experiments on two newly
defined UDAL-FR benchmarks validate the efficacy of our
proposed DMBN. We believe the UDAL-FR problem is of
great importance for real-world face recognition applications,
and hope our method paves an avenue for future works.
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